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Summary

MCL is a rare and malignant B-cell disease. It is often aggressive if not treated, but
indolent cases do also occur. Although recent trials have shown long-term and ongoing
remission following CAR T cell therapy for relapsing patients, MCL is still generally con-
sidered incurable. It is commonly identified by the characteristic expression of SOX11
or inter-chromosomal translocation between an immunoglobulin heavy chain gene en-
hancer/promoter and Cyclin D1, leading to a constitutive and elevated expression of the
cell cycle regulator protein and thus enhancing B cell proliferation. While several recurrent
mutations contribute to the oncogenesis of MCL, such as ATM mutations, lesions involv-
ing TP53 or the NOTCH1 pathway, the heterogeneity and small overlap between cases
are striking and calls for a specialized strategy, aiming at systematic and high-resolution
patient profiling. Furthermore, because MCL is defined by both a recurrent and hetero-
geneous spectrum of genomic lesions related to its oncogenic profile, it serves as a general
model for improved profiling of individual cases in other B cell malignancies.

With MCL as a case model, this project aimed to investigate quality measures and signal
distribution from whole-exome sequencing (WES) to leverage its clinical applicability.
Through relatively simple concepts, the NGS workflow and bioinformatics are centered
on practical molecular profiling of a few or individual patients, with the aim to support
diagnosis and prognosis by maximizing the informational output.

The results derived from the studies showed that the number of false-positive coding
somatic mutations in diagnosis-relapsed paired MCL efficiently decreased an order of
magnitude by intersecting mutations present in its expressed counterpart, the mRNA,
compared to the DNA alone. Thus, together with comprehensive annotation from clini-
cally relevant databases, the cell purification and intersection of DNA and RNA provided
a powerful tool for eliminating false-positive mutations.
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While the sequencing reads of WES are not randomly distributed across the coding
genome, the heterozygous variant allele frequencies of high-quality samples were approxi-
mately Gaussian. Therefore, it is found that the standard deviation provides an effective
quality measure and can be employed in estimating the low burden of allelic imbalances.
Furthermore, the developed methods for detecting copy-number alterations (CNA) show
that the genomic juxtaposition of variants allele frequencies with relative gene-wise cover-
ages provides efficient means for resolving acquired copy-neutral loss-of-heterozygosities.
In other cases of MCL, with relapse in the central nervous system, I demonstrate that
while sequencing batch effects are detrimental for detecting CNA, alternative techniques
may circumvent such issues.

Through mathematical derivations, I present that detecting minute measurable disease by
clonal rearrangements of immunoglobulin genes or somatic mutations is partly a stochastic
problem. Thus, this approach helps explain why a potentially substantial amount of high-
quality DNA is required. Essentially, the amount of DNA or sequencing reads required
for the confident detection of residual disease must generally exceed the aimed sensitivity
level by several factors.

In conclusion, capture-based targeted sequencing of the coding genome is a powerful and
consolidating tool for direct clinical implementation if applied critically. The inherent
noise of WES demands high-quality samples and a high depth of coverage to be truly
useful. Even a very high sequencing depth of targeted sequences will contain technical
bias and stochastic fluctuations.

Marcus Høy Hansen
Haematology-Pathology Research Laboratory
Department of Haematology, Odense University Hospital
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1 Dansk lægmandsresumé

Leukæmi og lymfekræft er betegnelsen for kræft i det der normalt udgør
kroppens bloddannende celler, og involverer oftest celler i immunforsvaret.
Lymfekræft er ondartet tumorvæv, et såkaldt lymfom, der udgår fra speci-
fikke hvide blodlegemer, lymfocytterne, men tumoren er ikke nødvendigvis
begrænset til lymfeknuderne. Lymfocytterne er vigtige for dannelse af an-
tistoffer i forsvaret mod sygdomsfremkaldende virus og bakterier; ondartede
lymfocytter derimod er dysfunktionelle, og infiltrerer hyppigt flere steder i
kroppen, såsom milt, thymus, knoglemarv, mave-tarmsystemet og endda cen-
tralnervesystemet. Kræftcellerne kan ofte findes cirkulerende i blodet, og
er såkaldt leukæmiske. Både ved lymfom og leukæmi dannes der et stort
antal af umodne eller abnorme hvide blodlegemer, hvorved normale cellers
antal og funktion nedsættes. Symptomerne er bl.a. hyppige infektioner,
feber, stakåndethed, udmattelse, vægttab og øget blødningstendens. Uanset
type af blodkræft findes der både langsomtvoksende, såsom kronisk lym-
fatisk leukæmi, og mere aggressive sygdomme, som eksempelvis akut lymfatisk
leukæmi, der uden behandling vil føre til dødelig udgang i løbet af meget kort
tid. De ondartede blodsygdomme er ofte kendetegnet ved udpræget forskelli-
gartethed, også hos den enkelte patient da kræftcellerne hele tiden forandrer
sig. For at sikre en optimal behandling, er der således behov for effektivt
at kunne karakterisere de ændringer i arvemassen, såkaldte mutationer, der
opstår som et led i sygdommen.

Mantle celle lymfom (MCL) dækker over en relativt sjælden kræftform med stor diversitet.
Selv om nogle mutationer kendes fra andre kræftformer, såsom i genet TP53, optræder
en lang række af de sygdomsfremkaldende forandringer kun sjældent i arvemassen hos de
enkelte patienter. Motivationerne bag bedre karakterisering af disse lymfomer er mere
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målrettet behandling til den enkelte patient, øget livskvalitet og overlevelse. Derfor er
der i de seneste år kommet større fokus på at kunne karakterisere MCL med henblik på
at forstå den underliggende sygdomsbiologi igennem molekylærbiologisk forskning, og at
bringe individuelt baseret præcisionsmedicin tættere på kliniske tiltag.

Den udvikling der i høj grad har gjort karakterisering af arvemassen mulig findes indenfor
sekventering af DNA og RNA, både fra blod- og knoglemarvsprøve eller lymfeknudebiopsi,
men også mere præcist fra sorterede kræftceller, der også muliggør præcis analyse af de
enkelte celler. Samtidig kan sekventering potentielt nedbringe den økonomiske byrde ved
at samle flere hospitalsanalyser i én metode. I løbet af det sidste årti har sekventer-
ingsmetoderne fået moment og vundet indpas; først i forskningen og senest hospitalsdiag-
nostik. På trods af udviklingen inden for computerteknologien, og delvist drevet af denne,
stiller sekventering af arvemassen store krav til hardware og software til analyse af store
mængder af biologiske og medicinske data. Det stiller endvidere store krav til forskeren
og klinikeren for at kunne vurdere og tolke kritisk på sådanne resultater.

Med denne afhandling, og medfølgende artikelsamling, forsøges der at belyse og konfrontere
nogle af de problemstillinger der til stadighed hindrer optimal udbytte af sekventering
til diagnose, opsporing og behandlingsopfølgning. Studiet blev drevet af den udprægede
forskelligartethed hos blodsygdommene og et ønske om at bidrage til at tilvejebringe næste
generations bioinformatik – i sidste ende til gavn for kræftpatienterne. Jeg gennemgår
en række konkrete tiltag for potentielt at kunne forbedre diagnostik og prognosticering af
patienter med MCL, blandt andet ved at sammenligne det muterede gen med dets udtryk
i kræftcellerne. Herudover vises det at kvalitetssikring af sekventerede DNA-prøver både
er vigtig, men også forholdsvis simpel, og hvordan små mængder kræftceller kan opfanges
ved hjælp af DNA-sekventering til overvågning af patientens sygdom. Samtidig fokuserer
jeg på fund og problemstillinger mere specifikt for MCL, blandt andet hvordan tilbagefald
af kræftsygdom kan ske fra celler der er biologisk anderledes og endda tidligere udsprunget
end ved selve diagnosen.
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2 Preface

When studying the hematologic malignancies, which primarily comprise cancer of the
blood, bone marrow, and lymph nodes, one eventually acquires a language, a method-
ological approach, and scientific style, which are quite distinct. I plunged into the field of
hematology more than a decade ago and, while I began to grasp the complexity of this
field, it became more apparent how much still needs to be uncovered and how little one
knows. Despite this, the scientifically collected amount of knowledge relating to the blood
and immune system is marvelous.

Being a researcher embarking on investigations that may lead nowhere requires some
naivety and optimism. When I begin research in new areas or write a new manuscript,
I am often blissfully unaware of shortcomings. I feel that this Aristotelian or Lockian
freedom to start with a clean slate is one of the greatest tools of the novice; unconventional
thinking, perseverance, and imagination are other such virtues. You will often find that
you are not the first to ponder the idea, let alone to publish it. Moreover, good research
does not necessarily become good science.

One may tend, intend or pretend to believe that research and science are purely separated
from a cultural setting; it is not. The vast number of publications relating to NGS has been
borne both by novelty and great possibilities. The field of next-generation sequencing also
continuously shapes and reshapes the research culture, bringing new concepts and terms,
such as “the genomic landscape” of specific cancer forms. Deeply rooted terms, such a
Hodgkin and non-Hodgkin lymphoma, become odd in a genomic age, and the traditional
distinction or border between malignant myeloid and lymphoproliferative disorders is in
some ways being broken and rebuilt, let alone the term “malignant”. Much has been done
in a relatively short time span. Apart from the intersection between biology, engineering,
and medicine, I am intrigued by science in a historical context. Personally, I find the
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history of sequencing a fascinating story. It contains scientific rivalry and admiration, the
invention of state-of-the-art technologies, and mind-blowing achievements. It is difficult
to estimate precisely, but the total cost of the “finished” human genome by the Human
Genome Project could be anywhere between 500 million to 1 billion USD, according to
the National Human Genome Research Institute (NIH, Bethesda, MD, USA). Others put
this figure thrice as high.

The papers and the illustrative references included in the dissertation represent only a part
of the research I have been occupied with. It would not have amounted to much without
collaboration with highly skilled and talented colleagues and researchers. Although my
affiliations concerning the project and the six manuscripts that form the foundation of
the thesis have been carried out during my fellowship at the University of Southern
Denmark (SDU) and Odense University Hospital (OUH), substantial work leading to this
particular form of presentation has been carried out at two different institutions, both at
the respective Departments of Hematology (OUH and Aarhus University Hospital).

In the last couple of years, I have put much effort into conveying the importance of
characterizing the quality of the sequencing data before any biological assertions can be
made. Surprisingly, this has not been straightforward. Apart from technical aspects, much
of my research has been centered on the molecular portraits of hematologic malignancies in
the attempt to establish workflows for more precise diagnoses. Through this, I have been
occupied by any form of evidence supporting the states of differentiation or indications
of some precursor capacity in driving a malignancy. I hope to allocate more attention
to this particular theme in my postdoctoral research. While I am often referred to as a
bioinformatician, I am foremost a biomedical engineer rooted in molecular biology with
a keen interest in hematologic malignancies. Naturally, the thesis will reflect this.

As NGS analysis is an extensive topic, I will focus on two main subjects in this thesis,
supported by computational theory and suggestions for optimizations. One subject is
the detection of somatic lesions in hematologic cancer forms by discrete changes in the
composition of bases in the coding regions of a gene and the relative frequency of these
changes; the other is the subtle change in the relative amount of genomic material. These
analytical topics converge to support observations of potential clinical relevance for diag-
nosis, prognosis, and detection of residual cancer in the blood, bone marrow, or lymph
node. Finally, the importance of combining genomic variant alleles and copy number of
chromosomal material is underlined by the particular case of copy-neutral events. The
novelty, if any, lies in particular in the way the NGS analysis is approached.
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3 List of included papers

I) A decade with whole exome sequencing in
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nant B cells from patients clinically identified
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and variant allele frequencies

IV) Distal chromosome 1q aberrations and ini-
tial response to ibrutinib in central nervous sys-
tem relapsed mantle cell lymphoma

V) Perspective: sensitive detection of residual
lymphoproliferative disease by NGS and clonal
rearrangements – how low can you go?

VI) Workstation benchmark of Spark Capa-
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(preprint)
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4 Abbreviations & notations

AML Acute myeloid leukemia
CNA Copy-number alteration
CN-LoH Copy-neutral loss of heterozygosity
CNV Copy number variation
arrayCGH Comparative genomic hybridization array
DNA Deoxyribonucleic acid
KDE Kernel density estimation
MCL Mantle cell lymphoma
MRD Measurable/Minimal residual disease
NGS Next-generation sequencing
NHL Non-Hodgkin lymphoma
RNA Ribonucleic Acid
SNP Single nucleotide polymorphism
VAF Variant allele frequency
T-ALL T-cell acute lymphoblastic leukaemia
WES Whole-exome sequencing
WGS Whole-genome sequencing

* First authorship or co-authorship
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5 Motivations & aims

Next-generation sequencing (NGS) has entered the scene in hematology, for
which the technology potentially integrates several laboratory assays into a
single entity. Within the research of hematologic malignancies, studies have
made inquiries into the genomes of dozens, hundreds, or even many thousands
of individuals. Despite this, research has until recently relied extensively on
microarrays, implemented genome-wide association studies (GWAS), or inves-
tigated recurrent mutations using large cohorts of patients. As emphasized by
Petersen et al. (2017), looking at opportunities and challenges in NGS, GWAS
has been instrumental in the mapping of genotypes concerning disease-causing
single-nucleotide variants as exemplified by Speedy et al. (2014) on chronic
lymphocytic leukemia (CLL) susceptibility. However, such studies are inher-
ently biased towards more common variants (Petersen et al., 2017), are beyond
reach for many researchers because of the large cohorts required, and are not
suited for the sporadic lesions in cancers, where many somatic mutations are
very rare in the general population. A direct consequence of the formidable
undertakings has been a literature focus that still poorly translates into direct
clinical utilization with the individual patients in mind. Thus, methods for
improved diagnostic profiling are needed, and bioinformatics plays a central
part in this integration.

NGS, historically also referred to as massive parallel sequencing or high-throughput se-
quencing, found its way into hematology with the complete sequencing of a single acute
myeloid leukemia (AML) struck genome more than a decade ago. NGS is in many ways re-
garded as a labor-intensive laboratory modality. It still requires technical specialists and,
while whole-genome sequencing has passed the $1000 limit and continues to approach the
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$100 genome, the cost concerning laboratory and computational workflow may effectively
be manyfold higher. In addition, proper handling and purification of biological samples
and data processing are not trivial tasks.

The complex heterogeneity of mantle cell lymphoma (MCL) (see Royo et al. (2011)) calls
for the continuous development of methods for improved profiling of the individual cases.
Currently, one obvious path to more consistent and comprehensive profiling is to imple-
ment NGS. Thus, in this project, foremost using MCL as the impetus for developing effi-
cient analytical workflows, the aim was to investigate and fortify the role of whole-exome
sequencing (WES) as a clinically applicable tool for diagnostic and prognostic purposes.
Thus, I sought to leverage NGS bioinformatics to data-driven applicable workflows and
not merely characterize data by predefined algorithms. While confronting this problem, I
furthermore wanted to investigate the biological heterogeneity of individual cases of MCL
using sorted cells in the lens of potential clinical applications. The attention was keenly
directed against the detection of known and potential molecular markers in relation to
diagnosis and prognosis. Lastly, I intended to streamline the bioinformatics workflows to
run NGS analyses efficiently on local workstations.

The objectives of the collective study in targeted sequencing were foremost:
1) Thematically reviewing the current status and past usages of WES in the field of
malignant hematology. 2) Optimized workflows for the detection of somatic driver mu-
tations at the patient level potentially applicable for improved diagnostics and prognos-
tics. 3) Investigating subclonal involvement by WES. 4) Identifying and characterizing
universally applicable quality metrics, such as the signal-to-noise ratio. 5) Evaluating
copy-number detection from statistical methods, including copy-neutral loss of heterozy-
gosity. 6) Developing sequencing annotation methods. 7) Critical assessment of mea-
surable residual disease (MRD) by NGS. 8) Hardware/software performance and speed
optimization.

The importance of the project stems from the fact that bioinformatics used in NGS is
still underdeveloped in specific areas; this calls for a next-generation bioinformatics suited
for the massive amount of data and continuously developing knowledge of cancer and its
complex molecular networks. In time, NGS will supersede several current modalities to
increase informational content from laboratory analysis to the benefit of patients and
doctors directly in clinical usage with a potential to decrease the economic burden of the
health care system. But, on the other hand, NGS contributes to lay the foundation for
future precision medicine, which in turn may increase the cost substantially.
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Background information

and main findings
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6 Introduction and background

The hematopoietic system is a highly specialized and adapting part of the
human body. The seemingly frantic proliferation in the renewal of the blood
cells in the bone marrow, lymph nodes, thymus, etc., is coordinated in a tight
interplay between internal and external stimuli. Aptly exemplified, the red
blood cells alone have a lifespan of approximately four months, which means
that replenishment of erythrocytes is provided by the generation of billions
every single day throughout the life of a human being. This demand is met
by the capacity to adjust the total number of cells to ambient oxygen levels,
both as a short-term response and for long-term adaptation, and the stagger-
ing turnover of cells is maintained by stem cells for the organism to remain
in homeostasis (Bernitz et al., 2016). Although it is now known that these
self-renewing stem cells undergo senescence (de Haan and Lazare, 2018), it
has been suggested that the reservoir of hematopoietic stem cells is not dimin-
ishing with age but rather increasing (Bernitz et al., 2016). This knowledge,
and the fact that clonal hematopoiesis of indeterminate potential is a common
phenomenon in the aging population, helps explain the development of both
myeloid and lymphoproliferative disorders.

Another example of the diverse biological functions supplied by the hematopoietic stem
cells is the highly specialized clonal expansion of B cells. This expansion arises from the
activation of naive lymphocytes, by antigen recognition and differentiation, as a part of
the humoral response of the adaptive immune system. The tightly controlled proliferation
may eventually lead to a large number of antibodies targeting the antigen, e.g., of viral or
bacterial origin, or in some cases even the organism itself. Derailing this intricate system
may lead to severe defects, both acute and chronic.
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Within the classical hierarchy of hematopoiesis, the multipotent hematopoietic stem cell
provides a clear-cut definition of lineage-committed myeloid and lymphoid progenitor
cells. However, the transition into the genomic era has shown that such a model is too
simplified. Until quite recently, the capacity of malignancies to seemingly cross lineage
specificity has been a conundrum. While still not fully understood, the realization of a
multipotent pre-malignant or malignant stem cell helped to shed light on cases of bilinear
leukemias, mixed phenotypes, or relapses crossing lineages. Parallel to the introduction of
NGS in the field of hematology, a new diagnostic entity, describing the multipotency or at
least phenotypic traits hereof, was established: Early T-cell precursor acute lymphoblastic
leukemia/lymphoma, a rare type of malignancy, was assumed to constitute a few percent
of the acute lymphoblastic leukemias and displays a very immature or incomplete T-cell
differentiation.

Under normal circumstances, the hematopoietic stem cells give rise to multipotent cells,
which in the case of B or T cells and natural killer cells are the common lymphoid progen-
itors (CLP). Early cells of the T lineage migrate from the bone marrow to the thymus as
immature thymocytes, thereby differentiating and losing the capacity to become myeloid
and B-lymphocytes. However, seemingly, the myeloid potential is sustained for a more
extended span of differentiation than previously thought (Luc et al., 2012). Thus, the
malignant cells may in certain cases carry a phenotype, which reflects both myeloid and
lymphoid surface and intracellular markers according to the maturation stage in addi-
tion to frequent myeloid somatic mutations, such as in FLT3 and IDH1/2 (Arber et al.,
2016).

In contrast to this very immature lymphoid disorder, mantle cell lymphoma is most often
characterized as a mature lymphoid malignancy, as will be described in details. As with
thymocytes, the CLP also gives rise to immature B cell progenitors, the pro-B and pre-B
cells, within the bone marrow. Here, the cells start to undergo somatic recombination of
the immunoglobulin genes, whereas rearrangement of the T-cell receptor loci occurs in
the thymus.
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6.1 Enter next-generation sequencing

The introduction of NGS has had an immense impact on understanding the genomic le-
sions leading to malignant myeloid and lymphoproliferative disorders. Now the technique
innervates the diagnostic examination and clinical decision making at the departments
of hematology. More efficient sequencing platforms are continuously being developed to-
gether with computational pipelines to process massive amounts of sequencing data and
interpret causal genomic variants. Through the developments in the field and the general
advances in hardware components, bioinformatics has become a broad discipline, both
in basic and applied science. It is interdisciplinary and draws upon many research ar-
eas, such as biology, computer science, medicine, mathematics, and statistics. Currently,
the term is associated with its application in NGS analyses, but it may be applied in
any other field and often finds its usage in medical science generating big data. Applied
bioinformatics is perhaps aptly described as being an engineering approach through its
problem-solving iterations. It has become a scientific discipline on its own, with many
problems still to be solved, such as reducing the error rate in DNA sequencing.

False-positive variants can be detrimental for the interpretation of sequencing results,
but it is still an inescapable feature of all NGS assays. With an error rate of 0.1%
throughout the human genome of approximately 3 billion base pairs, sequenced to an
average depth of coverage of 30x, erroneous base calls, polymerase base substitution errors,
cytosine deamination (Chen et al., 2014), or computationally introduced misalignment will
theoretically reach almost one-hundred million. While impossible to eradicate, several
strategies exist to circumvent the high error rate; one of the simplest measures being
sequencing biological replicates (Robasky et al., 2014). As costs continue to decrease
(Fig. 6.1) this may become more widespread. A different approach to mitigating errors
is to perform full-transcript sequencing of the coding RNA for correlation (Fig. 6.2).
Apart from few reports (Rokita et al., 2019), preferentially in papers with a technical or
computational focus (Ku et al., 2012), this strategy has received little attention.

While the hemodiagnostic laboratories broadly adopted targeted panel sequencing, often
amplicon-based, whole-exome sequencing (WES) has still not reached status as a routine
diagnostic tool in many clinical laboratories at the departments. Moreover, with the
falling prices, it may be superseded by WGS provided by core centers and thus never find
broad usage. However, the amount of information and knowledge gained from WES, and
NGS in general, have been unprecedented.
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Figure 6.1: Decrease in costs related to the whole-genome sequencing since
the first draft of the human genome. Prices are estimated in USD (Modified from
Wetterstrand KA. DNA Sequencing Costs: Data from the NHGRI Genome Sequencing
Program (GSP) available at www.genome.gov/sequencingcostsdata. Accessed July 2021).

Figure 6.2: Correlation of DNA and full-transcript mRNA may be implemented
as a simple approach to remove false-positive and possibly irrelevant muta-
tions. One caveat pertains to the possibility of nonsense mutations not being transcribed,
which in itself may be informative. In addition, it adds the transcriptional gene profile,
which holds potential for diagnostics or prognostics.
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In this study, the transition from conventional molecular diagnostics and cytogenetics is
foremost investigated through targeted sequencing, primarily WES, of a heterogeneous B
cell malignancy: mantle cell lymphoma. In addition, it is put into the perspective of other
malignancies, when relevant, as my general research area over the years has covered both
lymphoid and myeloid disorders. Also, I will very briefly touch upon evidence supporting
pre-diagnostic lesions and thus question the term mature B cell neoplasm in the setting
of MCL, although this is a theme of currently ongoing and post-doctoral research.

6.2 Mantle cell lymphomas as a diverse case model of

malignant lymphoproliferative diseases

Mantle cell lymphoma (MCL) is defined as a rare and mature malignant lymphoprolif-
erative disorder. It is clinically classified as non-Hodgkin lymphoma (NHL), a group of
cancers with an incidence of approximately 1,200 new cases every year in Denmark, and
which comprises about 3% of all cancers in the Nordic countries (NORDCAN) (Engholm
et al., 2010). As of 2010, the prevalence for MCL alone was 1.27 per 100,000 in Denmark
(Abrahamsson et al., 2014), i.e., roughly 70 cases annually, and thus corresponding to
approximately 6% of the total cases of NHL. This frequency is similar to that reported
in other Western countries. Several studies have identified that the incidence rate of
NHL is increasing (Fisher and Fisher, 2004; Chiu and Weisenburger, 2003). The term
non-Hodgkin lymphoma may seem rather uninformative, as it comprises more than 60
different types of malignancies with a high degree of diversity and is thus an essential
entity within hematology.

According to newer studies, the overall survival has increased at least threefold for pa-
tients diagnosed from the beginning of this century compared to cases diagnosed in the
previous decades (Kumar et al., 2019; Herrmann et al., 2009). The improvement is readily
seen from the doubling of survival rates between studies from 1975 to 1986 and 1996 to
2004 (Herrmann et al., 2009), owing to both advanced treatments and the improved di-
agnostic techniques. Despite these advances, MCL is generally considered incurable, and
the progression-free survival drops markedly following relapses (Kumar et al., 2019). In
contrast to the grim statistics, the advent of CAR T cell therapies provides a prolonged
and potentially durable treatment option for relapsed, and refractory MCL patients in
particular, as demonstrated by the ZUMA-2 trial (Wang et al., 2020).
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An autologous transplant has become an option for younger patients. However, the
median onset of MCL is 60 years, making this treatment beyond reach for many patients.
It is often disseminated at diagnosis with a leukemic presentation. Infiltration of the
central nervous system also occurs but is infrequent (Cheah et al., 2013).

Mantle cell lymphoma is considered a malignancy of differentiated mature B cells, al-
though phenotypic features are indicative of maturation stages generally ranging from
antigen-naive pre-germinal cells lacking somatic hypermutations to hypermutated or even
memory B cells (Queiros et al., 2016). The generation of hypermutations within the lymph
node is extensive in the germinal center (Kolar et al., 2007), which is surrounded by the
mantle zone. This must be viewed in the light of only a smaller subset of MCL being
markedly hypermutated (Navarro et al., 2012; Thorselius et al., 2002). The somewhat
disputed favorable prognostic implications of somatic hypermutation (Lai et al., 2006;
Schraders et al., 2009) have been more extensively explored in CLL (Gupta et al., 2020;
Davi et al., 2020). While it still needs to be elucidated why an unmutated status is tied
to an adverse prognosis, it is suggested that hypermutations are potentially linked to the
presentation of lymphoma immunoglobulin derived antigens (Khodadoust et al., 2017;
Xu-Monette et al., 2019). Curiously, the rearrangements in MCL are biased towards a
selective usage of immunoglobulin heavy chain variable gene, as shown by Hadzidimitriou
et al. (2011), Thorselius et al. (2002), and other studies.

The translocation t(11;14)(q13;q32) is considered a hallmark of MCL and is often re-
garded as the primary feature of initiation. The pathobiological result is a constitutive
and elevated expression of the cell cycle regulator protein, thus enhancing B-cell prolifer-
ation. CCND2 or CCND3 is often found to be upregulated when CCND1 is not involved
(Salaverria et al., 2013; Wlodarska et al., 2008). Despite not solely being able to drive
the development of lymphoma in models (Lovec et al., 1994) the translocation is, in my
own words, obviously tied closely to the differentiation program of the B cell, and thus its
expressional onset. It is a principal event in initiating the malignant phenotype by repo-
sitioning cycle regulator Cyclin D1 to the immunoglobulin heavy chain transcriptional
control. Arguably, it partly explains the specificity and relatively mature commitment of
the involved B cell malignancies. Indeed, overexpression of CCND1 may also be observed
in prolymphocytic leukemia, splenic marginal zone lymphoma, hairy cell leukemia, CLL,
multiple myeloma, plasma cell leukemia, etc. Taken into account, several other muta-
tions or larger chromosomal aberrations may occur early and even in undifferentiated
stem cells. One striking example of this includes a case where the B lymphocytes were
found being Philadelphia chromosome-positive (Ph+) (Takahashi et al., 1998). Of note,
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the speculation here is not the first to suggest that t(11;14) may arise well before the
malignant expansion of MCL as a latent lesion (Royo et al., 2011), and it has also been
demonstrated in healthy individuals (Lecluse et al., 2009; Hirt et al., 2004), in the same
manner as the highly frequent t(14;18) (Schmitt et al., 2006; Dolken et al., 2008; Ji et al.,
1995). Likewise, some leukemias and lymphomas have sporadic involvement of multiple
lineages, as may be encountered in CML, AML, or ALL.

Mixed phenotype or bilinearity is not a feature of MCL, although a few cases concurrent
with myeloid presentation have been described (Rodler et al., 2004; Pathak et al., 2017).
The work of Holst et al. (2019)* has, among others, cemented that myeloproliferative
and lymphoproliferative malignancies can occur in the same patient. In this perspective,
treatment can become difficult because malignant or pre-malignant stem cells are difficult
to identify and define, as discussed by Hokland et al. (2019)*.

While MCL is considered to be highly heterogeneous, both in its clinical presentation and
course (Martin et al., 2017), it is also marked by several recurrent molecular aberrations.
Although the heterogeneity cannot be dismissed, it is also a relative concept, which may
not be meaningful in the context of, e.g., melanoma, colon, or lung cancer. At the time
of diagnosis, the malignant cells often harbor many chromosomal lesions and mutations.
Some of the most recurrent mutated genes include ATM and TP53 (Bea et al., 2013;
Zhang et al., 2014; Wu et al., 2016; Greiner et al., 2006; Schaffner et al., 2000; Fang
et al., 2003). Often, a TP53 mutation in the DNA binding domain is accompanied by
a 17p deletion, or CDKN2A is deleted or mutated. Collectively, these classical tumor
suppressors are aberrant in the majority of the MCL cases; however, lack of any lesions
in these genes is frequently found in indolent cases (Royo et al., 2011). A TP53 lesion is,
therefore, a predictor of an adverse prognosis even in more fit younger patients (Eskelund
et al., 2017) and is often indicative of a proliferative malignancy and blastoid morphology
(Slotta-Huspenina et al., 2012). As with other hematologic malignancies, the cytogenetic
profile is also of prognostic value. A complex karyotype is a very frequent finding and
confers a dismal prognosis (Khoury et al., 2003; Obr et al., 2018).

The collective combination of molecular lesions is often referred to as the mutational
landscape (Bea et al., 2013; Zhang et al., 2014; Hill et al., 2020; Ahmed et al., 2016; Yang
et al., 2018). It includes CDKN2A (Wang et al., 2008; Jares and Campo, 2008; Dreyling
et al., 1997; Hutter et al., 2006), NOTCH1 (Kridel et al., 2012), UBR5 (Meissner et al.,
2013), etc. The most specific molecular marker of MCL is SOX11, which has been studied
extensively (Dictor et al., 2009; Mozos et al., 2009; Chen et al., 2010; Xu and Li, 2010; Bea
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and Amador, 2017; Beekman et al., 2018) since it was first discovered to be upregulated in
mantle cell lymphoma (Ek et al., 2008). This transcription factor has also been a research
focus of Nyvold (main supervisor) et al. (Hamborg et al., 2012; Simonsen et al., 2014,
2015; Nielsen et al., 2019).

Analogous to CLL, and other hematologic malignancies, MCL has a long list of less fre-
quent mutations. While many of the driver mutations in its oncogenesis, such as hits in
TP53 or NOTCH1 pathway (Onaindia et al., 2017), have been identified by NGS, the
small overlap between cases is striking and calls for a different strategy, aiming at sys-
tematic and high-resolution single-patient profiling. Because MCL can be described as a
malignancy containing a wide spectrum of lesions ranging from very few to comprehensive
molecular lesions in the genome of the B lymphocyte, it serves as a model for improved
characterization of individual cases of B-cell diseases in general. Modern diagnostics
must comprehend this spectrum to increase the efficacy in individualized treatment – the
essence of precision medicine. Consequently, the importance of comprehensive molecular
profiling relates not only to MCL but other hematologic neoplasms as well.

Next-generation Sequencing and bioinformatics methodologies described here are not con-
fined to a special type of cancer, although hematologic malignancies are well-suited for
cell sorting before comprehensive genomic and transcriptomic analyses. Although it is
possible to sort and purify malignant cells in many cases, a central problem of hematology
relates to the detection and characterization of low disease burden or subclones. Several
approaches confront this problem, such as developing sensitive algorithms, genomic ampli-
fication from a subset or even single cells as performed by Walter et al. (2018) for pediatric
AML, MRD by digital droplet PCR, qPCR (Simonsen et al., 2014), or sequencing such
as reviewed by Chase and Armand (2018). I refer to Paper I for a general treatise on
the detection of somatic mutations and short nucleotide variants using WES.

6.3 The transition from cytogenetics to cytogenomics

Cytogenetics constitutes a pillar of hematology, and, in return, the intensive study of
malignant blood disorders has contributed much to this specific branch of medicine. The
most prominent example is the discovery of a small chromosome in the blood cells of
patients with chronic myeloid leukemia by Nowell and Hungerford (1960), which later led
to the suggestion by Rowley (1973) that the long arms of chromosomes 9 and 22 were the
constituents of this acquired genomic feature.
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Chromosomal instability and cellular aneuploidy is a common feature of solid tumors
and hematologic malignancies. Several recurrent aberrations involving copy changes are
recognized as important diagnostic or prognostic features, such as with monosomy 7 or
7q deletions in myeloid neoplasms and 3q or 8q gains in subtypes of lymphoid neoplasms.
While genome-wide genotyping and genomic hybridization microarray analyses have been
implemented as diagnostic tools in clinical laboratories, the usage of NGS for detecting
structural variants, such as acquired copy-number alteration (CNA), has not yet reached
full maturation, and its robustness and algorithms for routine clinical application is still
being evaluated.

While the costly sequencing technology was already in place to resolve chromosomal copy
alterations in 2013 with the study of 200 de novo AML (Cancer Genome Atlas Research
et al., 2013), copy-number variant (CNV) calling was performed with the accepted tech-
nical standard at the time, which relied on the microarray platform. This cardinal paper
supplemented that two-thirds of the patients harbored detectable alterations, with a me-
dian of only one alteration per genome, and concordance between the results and risk
status from conventional cytogenetics. In contrast, patients categorized diagnostically
with unfavorable risk cytogenetics had a median of six copy events. While not relying
on NGS, the study implemented a quite recent technological breakthrough: Following
the GeneChip Human Mapping 500K Array Set (Affymetrix), which could genotype
more than 500,000 single-nucleotide polymorphisms (SNPs) in a single experiment in
2005 (white paper, Affymetrix, Part No. 702087 Rev. 4), the genome-wide SNP arrays
proved to combine detection of unbalanced chromosomal DNA and polymorphisms. The
Affymetrix Genome-Wide Human SNP Array 6.0 (Applied Biosystems, Thermo Fisher
Scientific, Waltham, Massachusetts, USA), used in the mentioned study, contained almost
two million probes distributed across the genome, with the probes being approximately
evenly shared between copy number probes targeting non-polymorphic DNA sequences
and nucleotide polymorphisms. In comparison, each individual human genome contains
several million SNPs (Sachidanandam et al., 2001), while the human population proba-
bly contains more than 100 million variants (Karczewski et al., 2020; Genomes Project
et al., 2015) – far more than initially expected (Kruglyak and Nickerson, 2001). This
means that the usage of arrays, although highly practical, is limited to the most common
variants. Just covering the coding variants may require several million probes. Empiri-
cally, partially based on the research presented here, exome sequencing reveals between
15,000–20,000 high-quality variants per sample, varying slightly according to the quality
measures used, the number of total sequencing reads, and the library preparation kit.
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More importantly, the resolution of whole-genome sequencing is not physically limited
by the single-stranded DNA probes on the microarray chip, whereas in-solution target-
capture of coding regions for WES is an analogous limiting factor; however, not limited
by the total number of variants. Consequently, the methodological diversity and flexibil-
ity, both in terms of included genomic regions and depth of coverage, positioned NGS to
supersede the microarray platform. As the price for even a whole genome has fallen below
$1000, several issues are still pertinent to clinical implementation, namely maturation of
bioinformatics for practical and confident detection of structural variants.

It is only possible to address a small fraction of the current practical problems in NGS
and bioinformatics in this thesis. Because the center of attention is the empirical data,
I dub these efforts next-generation bioinformatics, where I attempt to push some of the
advances in NGS and bioinformatics towards a patient-oriented clinical application within
hematology.
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7 Contextual summary of results

The results presented in this chapter are directly based on the included pa-
pers in this dissertation (Paper I–VI), which has been carried out during the
project period. However, the methodologies and general knowledge on NGS
bioinformatics and data analysis concerning hematologic malignancies are also
based on papers published prior and partly during the commencement of the
graduate program at the University of Southern Denmark and is cited with
an asterisk (*). Parts of the collective work have been carried out while being
affiliated with two separate institutions. Additionally, some of the research
is overlapping or iterative and cannot, in my view, be separated in this over-
all attempt and motivation to develop clinically applicable next-generation
bioinformatics relating hematologic malignancies. The term itself is intended
to raise the awareness that NGS-based cancer diagnostics demands an inter-
disciplinary and analytical engineering approach to sequencing bioinformatics
to be truly successful. As such, a “clinical bioinformatician” must be able
to guide doctors and researchers in how the highest practical resolution of
the NGS assay can be achieved – starting from obtaining suitable biological
starting material to the computational procedures and annotation.

A summary of the important and direct findings from the papers is included here, in some
cases put in the perspective of other published papers or manuscripts (*). Consequently,
some contextual background, or discussion in relation to general subjects, is intended.
The more general or conceptual findings will be covered in the theoretical framework
chapters. Thus, I direct the attention to Part II for a description of computational
problems.
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7.1 Paper I Contributions and weaknesses of WES

The first paper (Paper I) provides a critical overview and qualitative analysis on how
exome sequencing contributed to the field of malignant hematology in its first decade of
existence. While the technique has provided an unprecedented impetus to research and
spurred large-scale investigations into the biology of the cancer genomes of leukemia and
lymphoma, it has been hesitant to find its way into the routine clinical laboratory. I
argue – which was somewhat speculative at the time of writing the manuscript – that
while exome sequencing is now ripe for implementation in the clinical laboratory, it is
being superseded by whole-genome sequencing (WGS). Several reasons are identified for
this transition. First of all, the price of WGS is decreasing at a relatively more rapid pace
than WES. This discrepancy is partly caused by the proprietary kits of the latter, which
has enabled the focused and less expensive interrogation of the coding cancer genome
in the first place (Hokland et al., 2016)*. Secondly, its laboratory procedure contains
additional steps involving hybridization-based target enrichment (Fig. 7.1) and, finally,
the error rate is generally higher than that of WGS (Belkadi et al., 2015; Braggio et al.,
2013; Lelieveld et al., 2015; Meynert et al., 2014, 2013; Parla et al., 2011; Warr et al.,
2015). As can be empirically demonstrated, the performance and output of the different
kits, such as SureSelect (Agilent, Santa Clara, CA, USA), Nextera/TruSeq (Illumina,
San Diego, CA, USA), or SeqCap EZ MedExome (Roche, Basel, Switzerland), are not
concordant in terms of capture efficiencies and coverage profiles.

Furthermore, exome-capture may be biased towards reference sequences, and base substi-
tutions may occur during extensive PCR amplification, all contributing to a decrease in
the sequencing quality. The most extreme differences in coverage uniformity are, of course,
found when comparing kits involving hybridization capture versus amplicon enrichment
(Samorodnitsky et al., 2015). It is also argued that many of the WGS projects are often
pseudo-exome sequencing, heavily biased towards the coding parts of the genome. This is
exemplified by the first sequencing of a complete cancer genome in 2008 involving a case
of AML (Ley et al., 2008).

It is evaluated that when it comes to research, hematological malignancies and pre-
malignancies have been positioned favorably, when compared to many other cancer types,
because of relative ease of sampling. This attribute has made extensive studies possible,
such as in the investigation of clonal hematopoiesis of indeterminate potential, a prevalent
finding in the population of individuals above 65 years of age (Genovese et al., 2014). This
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Figure 7.1: Schematic overview of the laboratory workflow in WES (Paper I)..
Typically, the steps involve the extraction of a sufficient amount of DNA (A), fragmenta-
tion of DNA can be mechanical or transposon-mediated followed by the capture of exon
sequences (B), and PCR amplification followed by short-read sequencing (C), i.e., Illu-
mina’s sequencing by synthesis or Ion Torrent semiconductor sequencing (Thermo Fisher
Scientific).
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and similar studies have pushed the exome sequencing assays below the practical limits
of detection, exemplified by the study by Jaiswal et al. (2014) with a lower threshold at
3.5% variant allele frequency (VAF), which is just above the conceptual definition of such
a mutation (> 2%) (Steensma et al., 2015). The convenience of implementing WES owes
to its breadth of coverage of the human coding genome, and this is thus prioritized to its
inherent high error rate at low allelic fractions.

It was also recognized that the extensive sequencing studies involving WES, with a pre-
ponderance of the myeloid malignancies in the first years, did not pave its way towards
introduction into routine diagnostics. Instead, targeted panel sequencing has to a broad
extent, and with success, relied on results from these early studies.

Because of these and other considerations, I argue that the history and knowledge pre-
sented in this introductory paper (Paper I) are essential for understanding the strengths
and caveats of WES, and to provide a more nuanced discourse of this innovation. Con-
cerns relating to the clinical applicability and standardization of WES are not new,
as the brief annotation “Can exome scans be expected to be part of real-time decision-
making in patients with haematological cancers?” (Hokland et al., 2016)* also emphasized.
New research methodologies and concepts have followed the continuous development and
widespread usage of NGS, in addition to new ways of visualizing and presenting large-
scale data as well as changes in the scientific language in relation to sequencing projects.
Hence, although the most obvious additions to the scientific literature have been of tech-
nical and biomedical relevance, a more subtle transition has been ongoing concerning the
changing research culture and its jargon.

7.2 Paper II High-res assay by cell sorted DNA-RNA

In several ways, Paper II represents the accumulation of knowledge from several years
of research, which enabled us to portrait a high-resolution molecular picture of individ-
ual cancer patients relying on NGS. Methodologically, it draws on the techniques chiefly
developed for profiling a case of a young adult harboring an aggressive immature early
T-cell precursor acute lymphoblastic leukemia (ETP-ALL) (Hansen et al., 2018)*, the
combination of DNA-RNA in a small cohort of AML patients with normal karyotype
(Hansen et al., 2016)*, and the use of exhaustive annotations in investigating twins with
monoclonal B lymphocytosis and CLL (Hansen et al., 2015b,a)*. The previous methods
were streamlined (Fig. 7.2) and implemented in order to demonstrate that cell purifica-
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Figure 7.2: Graphical representation of the workflow employed in Paper II.

tion and optimized bioinformatics help to portrait the cancer of individual MCL patients
in a more precise manner from a clinically relevant perspective. We set to characterize the
relapse molecularly, while screening for potential biomarkers. Although strictly speaking
being a methods article, it contains additional findings in relation to the biology.

In brief, the results of Paper II show that cell sorting in combination with DNA and
RNA sequencing mediates high specificity in detecting driver mutations with a median of
17 expressed somatic mutations at diagnosis and relapse (7–24, see supplement Table E1).
Annotation was streamlined using the developed software VariFant (unpublished), which
gathers information from multiple databases, such as Catalogue of Somatic Mutations in
Cancer (COSMIC), PubMed, ClinVar, dbSNP, UniProt, etc. (see example in Table 7.1).
The sequencing analyses were based on an average of 164 million and 94 million reads per
sample from whole-exome and RNA sequencing, respectively, comprising 25 sequenced
samples in total. A very small number of potential clinically actionable mutations or mu-
tations in relevant focus genes were found (2–5 mutations, Fig. 7.3), with two of these
being lost between diagnosis and relapse (BCLAF p.K178fs and TRAF3 p.G123D, Patient
1 and 2, respectively) and a single newcomer (MYD88 p.S219C, Patient 4). The expres-
sion patterns of these high-quality sets, drawn at diagnosis and relapse, relative to that of
donor B-cell control samples, immediately suggested specific expressional biomarkers and
mutations relevant for the characterization of the individual lymphomas; One example
being the observation of a non-synonymous MYD88 in combination with SPEN nonsense
mutation and a chromosome 7q31–32 deletion, not frequently associated with MCL. Not
surprisingly, all four patients had at least one potential driver with a direct or an indirect
role in the NFB or Notch signaling pathways, e.g., TRAF3 and BCLAF (Nagel et al.,
2014; Sun, 2012; Zhang et al., 2015; Bushell et al., 2015; Shao et al., 2016).
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Figure 7.3: The somatic mutations of Paper II were detected from intersecting DNA and
RNA and evaluated against public databases (PubMed, COSMIC, dbSNP, and ClinVar,
etc.), using the developed annotation tool Varifant (unpublished) to identify potential
driver mutations of clinical relevance.
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Table 7.1. Example of annotation of somatic mutation using the developed
cross-platform graphical user-interface tool Varifant (unpublished). The mutation
in TP53 was accompanied by a deletion of chromosome 17p, and is highly
recurrent in more aggressive cases of MCL.

Symbol TP53
CHROM chr17
POS 7578406 (GRCh37)
Type Single nucleotide variant
REF C
ALT T
Zygosity Homozygous
Count 66
Coverage 68
Frequency 97%
Consequence missense variant
EMAF None
Amino Acids Position R175H
CDS mutation c.524G>A
Mean Polyphen 0.33
Mean Sift 0.08
Range Polyphen 0� 0.95
Range Sift 0-0.11
Max Polyphen 0.66
Max Sift 0.11
PubMed leukemia 775
PubMed lymphoma 294
DisGeNET lymph 62
UNIPROT Interaction with HIPK1 and ZNF385A
ClinVar Pathogenic
COSMIC COSM10648
FATHMM Prediction Pathogenic (score 0.99)

Although the cohort was too small to perform robust statistical analyses of differential
expression, we identified multiple candidate markers. Several of the genes were found to
be potential classifiers to discern malignant B-cells from peripheral mononuclear blood
cells or CD19 positive cells (CD19+) and provided considerable potential to identify
MCL and CLL when combined, e.g., LILRA4, SYNE2, PTPRJ, and TRANK1 (Fig. 3B
and D, suppl. E3 in paper). These specific markers, for which a general concordance
between paired RNA sequencing and qPCR assays was found (Fig. 3C, suppl. E2
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in paper), were validated as being significantly altered compared to normal CD19+ cells
using a larger cohort. Notwithstanding, these findings need to be further investigated,
and co-researchers of the group are currently exploring their potential roles. Expression
analyses also revealed that the largest difference between diagnosis and relapse, in terms
of relative expression, was highly enriched in NFB pathway gene members – central to
MCL and other B cell malignancies (Kennedy and Klein, 2018). In addition, a single
outlier was identified (Patient 3, 2nd relapse) owing to inferior RNA sequencing quality
(Fig. 3A in paper).

The expressional and mutational profiles supported heterogeneous inter-patient profiles of
MCL, which at the intratumoral level may be more homogeneously defined than previously
suspected. Such a general attribute is supported by recent findings generated by our
group, for which malignant single cell populations of eight patients are profoundly distinct
yet display little evidence of subclonal involvement (Fig. 7.4) (Hansen et al., 2021)*.
Intriguingly, some of the findings in Paper II point to a relapse clone that is genomically
prior to that of the diagnostic clone in terms of mutations (Fig. 7.3) and copy-number
changes (Fig. 7.5, Patients 1 and 2).
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Figure 7.4: Single-cell transcriptomes from eight patients with mantle cell lym-
phoma. Heterogeneous clusters discerned the transcriptomically defined cell populations
of the patients (A), while a profoundly homogenous profile was found within the indi-
vidual patients. The only clearly coinciding cell populations from multiple patients were
of SOX4+ pro- or pre-B origin, with both malignant SOX11+ and SOX11- cells (B).
The single-cell expression signature in relation to commonly assessed clinical markers was
evaluated for the entire cohort (C). Unpublished data, Simone V. Hansen et al., 2021*.
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Figure 7.5: Schematic copy-number profiles of the four mantle cell lymphoma
patients included in Paper II (A) with a graphical representation of the typical output
from VarScan2 showing a trisomy 9 and 17p deletion without any statistical evaluation
(plotted with a median filter using Mathematica, Wolfram Research, Champaign, Illinois,
USA).
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Collectively, the diagnostic and relapse samples were marked by general concordance
between the time points, except for minor differences. In addition, one patient was struck
by extensive alterations in chromosomal copy numbers at relapse, with more than half of
the chromosome pairs being affected (n=14). The genomic instability of this patient, with
an apparent cytogenetically complex karyotype at relapse, was not attributed to TP53
mutations or deletions; instead, biallelic inactivation of the Ataxia Telangiectasia Mutated
gene (ATM, p.R2691P, p.L15P) may have been the primary contributing factor. The
findings of this patient case (Patient 1) will be referred to more thoroughly to exemplify
the general detection of CNA.

7.3 Paper III Copy altering and copy-neutral lesions

Several papers have investigated the use of WES for the detection of copy number vari-
ation/alterations. Often the conclusion has been that the detection is challenging due to
the introduced noise and bias or that the calling algorithms have suboptimal performance
(Tan et al., 2014; Zare et al., 2017; Nam et al., 2016). Belkadi et al. (2015) concluded
that WES is not reliable for the detection of copy-number variation. Although an observed
increased noise compared to WGS is agreed upon, such a statement may be considered
an oversimplification given that multiple factors affect the final resolution, most notably
DNA quality and starting amount, fraction of cells containing the lesion, uniformity of
sequencing coverage, and the depth of coverage. Paper III extends previous studies on
CNA detection (Hansen et al., 2018; Simonsen et al., 2020, 2018)* and formalizes sim-
ple conceptual and statistical methods. The approach utilizes the juxtaposition of both
variant allele frequencies and read depth ratios in an approximately one-to-one manner
(Fig. 7.8), based on the estimation that one coding variant per gene is expected to be
the most frequent observation (see also Paper I and chapter 11, Part II).

Because the existing WES copy-number tools were initially evaluated to perform subop-
timally, software was developed (CNAplot) and tested against VarScan2 (Koboldt et al.,
2012), which does not perform any statistical evaluation. The outcome of this devel-
opment is described in Paper III, which presents the new software’s additional ability
to detect copy-neutral chromosomal losses based on the previous case of ETP-ALL (see
Hansen et al. (2018)*). This ability to statistically pinpoint CNAs and copy-neutral loss-
of-heterozygosity (CN-LoH) fast and efficiently was tested using the paired MCL samples
of Paper II. The read-depth ratio profiles of the samples were in agreement with the
plotted output from VarScan2. The concept was partially based on the investigations
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of 38 samples (48.5–188.6 million reads each), in total, from 14 individuals with hema-
tologic malignancies or disorders (Hansen et al., 2019)* (preprint)1. The heterozygous
variant allele frequencies assumed a Gaussian distribution in 805 of the 836 autosomes
(96%, Anderson-Darling test, p < 0.01). In total, 69 chromosomes were CNA-afflicted
with six samples containing CN-LoH, including a case diagnosed as AML with a normal
karyotype.

In summary, the work of Paper III shows that simultaneous Pearson �2 and Wilcoxon
Mann-Whitney U tests are statistically attractive, when juxtaposed, to detect copy-
altering and copy-neutral chromosomal events. Whereas the �2 statistics help to deduce
acquired allelic imbalances, the U test assesses the relative changes in read depth to that
of the control sample. The latter was based on the notion that sequencing reads in WES
are not assumed to be normally distributed. The power of this technique is emphasized
by the distal part of chromosome 22 of Patient 1 relapse sample (Paper II), where a
copy gain with no allelic imbalance is present (Fig. 7.6). This may arise in partial or
complete tetrasomies where the genotype configuration can be represented as AA|BB, i.e.,
four balanced copies, in comparison to the expected A|B (see Gardina et al. (2008)). Co-
incidently, this aberrant chromosome also directly exemplified the test’s ability to discern
CN-LoH (proximal part in figure). The implementation of these statistical measures in
CNAplot was rationalized by their high performance, compared to the computationally
cumbersome Fisher’s exact test, and from the argument that reads from control-paired
exome data can be evaluated as independent samples. Generally, the U test requires at
least 10–20 data points, here represented as the approximate number of genes and exonic
variants involved in the test. In contrast, a the change of a single nucleotide variant,
e.g., in TP53 (Paper II+IV), may indicate a loss or gain of one allele. However, a
substantial number of false-positive single-allelic changes may occur, and the chosen sig-
nificance level generally reflects these. Hence, a threshold (↵) must be selected in relation
to the order of variants (n) being tested, e.g. ↵bonferroni = ↵

n  10�4, when typically
analyzing several hundreds to thousand variants (Fig. 7.6 and 7.7). To accommodate
the risk of false-positively called allelic imbalances, I introduced the concept of lowest
compound probability, in which stretches of multiple significant changes in VAF are eval-
uated together: The reasoning behind this assessment is 1) that the probability of several
consecutive observations occurring by chance becomes infinitesimal, and 2) it is trivial to
implement in large-scale sequencing analyses.

1Because this work was carried out during the doctoral program and part-time affiliation with two
separate institutions, influencing the development of the described software in Paper III, the research
results are briefly included here

36



Figure 7.6: Chromosome 22 from a sample drawn from patient with mantle cell
lymphoma relapse (Patient 1, Paper II), statistically evaluated and visualized using
the software CNAplot (Paper III). The proximal part of the chromosome shows strong
evidence of copy gain without allelic imbalance, i.e., AA|BB, which is only significantly
different in read depth (Wilcoxon Mann-Whitney U test). In contrast, the distal part
of the chromosome shows a copy-neutral loss of heterozygosity, also known as acquired
uniparental disomy, which holds significant changes in variant allele frequencies (Pearson
�2).
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Figure 7.7: Example CNAplot ouput. The shown figure was exported from the de-
veloped CNAplot software, where 14 highly significant autosomes hold copy changes in
a case of relapsed mantle cell lymphoma (Patient 2 from Paper II). The compound
probability is given by the theoretical risk of drawing an observed number of continuous
significantly altered variant allele frequencies by chance and independently of each other.
As each p-value may be low, the compound probability can be extremely low and is a
strong indicator of allelic imbalance caused by a copy-number alteration of copy-neutral
loss of heterozygosity
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Figure 7.8: CNAplot was developed to enable a direct comparison between variant al-
lele frequencies and read depth ratios (Paper III). These two measures are required in
combination to establish the correct copy-number state. The example here shows large
copy-loss and gain of chromosome 8, using the sequencing data from Paper II. In situ-
ations where a copy-neutral loss of heterozygosity or a chromosomal gain without allelic
imbalance is present, the changes are mutually exclusive (see Fig. 7.6).
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Statistical inferences were heavily affected by large variance of allele frequencies and rela-
tive coverage. The primary factors contributing to an increase in the standard deviation
were low coverage, poor sample quality or sequencing quality, all of which gave rise to
both false-positive and false-negative observations (see chapter 8). In such instances, a
filter could practically be applied to the data analogous to signal processing in general
electrical engineering, such as a median-filter (exemplified in Paper II, supplement Fig-
ure E5), or could be implemented in the detection of allelic imbalance from a very few
cells (Simonsen et al., 2018)* (See Fig. 9.5).

Crudely, it was asserted that CNAs at or above one megabase at the genomic scale were
readily detected by WES, while the non-uniformity of sequencing depths in several cases
made statistical inference of CNAs in thousands or even several hundred thousand bases
difficult. The primary factor contributing to the ability to discern a copy gain or loss was
sample quality and burden. Principally, it was found that batch effects were detrimental
for detecting CNA employing read counts but not for detecting allelic imbalance.

7.4 Paper IV Circumventing batch effects and lower

sequencing quality in cases involving CNS relapse

In contrast to the high sample quality obtained by sorted malignant cells of the previ-
ously described study, the resolution of samples included in Paper IV was inferior by
comparison. Technically, this study provided an unambiguous example of sequencing
batch-effects that are detrimental to the detection of CNA using changes in read depth
(see chapter 10).

The manuscript is a case series reporting relapsing mantle cell lymphoma with infiltration
of the central nervous system. Three of the patients were marked by large chromosome 1q
CNA of nearly 100 megabases, with losses involving almost the whole chromosomal arm
in two cases and a copy gain in one. The response to Ibrutinib treatment in CNS relapse
was brief in the cases harboring the 1q lesion. A fourth patient, with a double-mutated
ATM gene at diagnosis, no CNA found, and intraocular involvement of corpus vitreum
at relapse, attained complete remission within two months and experienced a sustained
long-term response to Ibrutinib reaching beyond 60 months. TP53 deletion was detected
in the dorsal tumor at relapse. No malignant cells were found in the cerebrospinal fluid,
and pleural effusion the only complication reported in relation to treatment. All four
cases were either struck by either ATM or TP53 lesions.
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Figure 7.9: Evaluation of chromosome 1 in four cases of mantle cell lymphoma
patients with relapse involving the central nervous system. Variant allele fre-
quencies demonstrated allelic imbalance on the large part of the q-arm of Patients 1–3.
As the type of copy-number alteration could be deduced in Patients 2 and 3 from variant
allele frequencies alone, it was supported by comparing read depth ratios. The standard
approach is to implement a tumor/control pair from the same patient. However, in this
study, it was not possible due to batch effect and suboptimal lower quality. Thus, the
coverage ratio between the p- and q-arm compared to the expected control sample ratio
was implemented to indicate whether a gain or loss had occurred (B, gray). As several
of the sequenced samples did not harbor any chromosomal imbalances (B, white), these
controls were used for direct comparison.

In this study, a slightly different approach to that of Paper II–III was needed in order
to confidently determine the chromosomal copy number state. While it was clear that
significant allelic imbalance on 1q could be detected (p  0.05, Mann-Whitney U test,
Fig. 7.9A), the previously used methods to detect a change in coverage failed because of
noise. The results showed that batch effects are detrimental to the detection of somatic
CNA by means of change in regional coverage. Instead, it was found that the ratio of the
total reads obtained internally from chromosome 1p to that of 1q (intrasample), normal-
ized to the paired control sample (intersample), provided a robust measure (Fig. 7.9B).
This ratio was highly concordant for controls, whereas evidence of deletion was supported
in two of the case samples (Patients 1 and 2) and a gain in the third patient, while no
change was observed for Patient 4. The aberrations were confirmed by qPCR.

Although aberrations of chromosome 1 seem to be rare in MCL, the potential contribution
to the development of a CNS infiltrating phenotype needs to be investigated. Currently,
there is no other evidence pointing to such a role. The seeming rarity must be evaluated
from the knowledge that MCL genomes are often found to have a complex karyotype. For
further details pertaining to the detection of CNA, see Part II.
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7.5 Paper V Deduction of the stochastic processes un-

derlying detection of measurable residual disease

The last study pondered the conceptual problem of tracing minute MRD levels in clonal
lymphoproliferative disorders based on immunoglobulin heavy chain (IgH) gene rearrange-
ments using ultra-deep sequencing. Foremost, it was found that several of the published
studies did not use a sufficient amount of cells and DNA. Also, information on the number
of sequencing reads implemented to attain a given sensitivity level was largely absent. It
is evaluated that the lack of transparency in studies relating to MRD makes it difficult
to assess the validity of the presented sensitivities.

From a statistical consideration, it is suggested that to be 95% certain of detecting, on
average, one clonal cell in a million others, the assay must theoretically include at least 3
million cells from the simplest deduction. The mathematical assumptions behind random
sampling were based on the Poisson probability distribution (Eq. 7.1), where � is the
estimated mean, e.g., � = 1 (per million), and k is the discrete number of occurrences to
be estimated, i.e., 0, 1, 2, etc.

�ke��

k!
(7.1)

However, the laboratory assay does not consist of a single step, but two or more subsequent
steps, e.g., extraction of cells or DNA and sequencing with a fixed number of sequencing
reads. Each of these steps (n) can be considered a random subsampling of the bulk. In
the setting of MRD, the main concerns are the probability of true positives, i.e., one or
more clonal sequencing reads (p, Eq. 7.2), and the risk of false-negative observations
(q = 1� p).

p(k = 0) = (1� �ke��

k!
)n = (1� e��)n (7.2)

Another source of variation arises from PCR amplification for which a basic mathematical
model exists (Rutledge and Cote, 2003)(Eq. 7.3). From this, it can be derived that if the
amplification rate of the clonal sequence to that of the background IgH rearrangements
are not equal, the effective relative efficiency (E0) will potentially be heavily affected after
just a few rounds of PCR (Eq. 7.4).
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nc = n0 · (E + 1)c (7.3)

E0 =
nclone · (Eclone + 1)c

nbg · (Ebg + 1)c
(7.4)

In the case of a simple two-step analysis, where the subsampling can be considered to be
composed of (1) the cell/DNA extraction together with subsequent PCR amplification
and (2) sequencing, the theoretical probability of detecting a specific clonotype by one
observation or more is then:

p0(k = 0) = (1� (E0�DNA)ke�E0�DNA

k!
)⇥ (1� (E0�NGS)ke�E0�NGS

k!
) (7.5)

p0(k = 0) = (1� e�E0�DNA)⇥ (1� e�E0�NGS ) (7.6)

q0 = 1� p0 (7.7)

Thus, in its simplest form, it follows that approximately 20µg of high-quality DNA,
corresponding roughly to 3 million cells, is required to reach a sensitivity of 10�6 and
to achieve a probability 95% of detecting a clonal cell in a million in a single-step assay.
However, in the two-step model with 95–100% relative amplification efficiency, the risk of
a false-negative observation has risen to 10–13%. Conversely, the amount needed for the
10�7 sensitivity level is staggering, increasing in a linear fashion.

It is also argued that technical replicates decrease the risk of assay failure and may thus
be implemented instead of increasing DNA amount or sequencing coverage. The simple
reasoning behind this is that the effective assay failure rate (F 0) will decrease as a function
of the individual risk of failure (f) to the power of replicates (n): F 0 = fn.
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7.6 Paper VI Optimization of sequence processing

Paper VI (preprint) investigates the performance of newer algorithms suited for hyper-
threaded and parallel data processing concerning NGS bioinformatics. It shows that tech-
niques developed for high-performance computing clusters are also suitable for modern
CPU architectures, which may even outperform clusters in terms of speed and practical
workflows. For example, marking and removing sequenced PCR duplicates in the stable
parallelized GATK4 Spark version was thrice as fast as the non-Spark MarkDuplicates.
Collectively, the more than 10-fold increase in speed of base quality score recalibration
and variant calling provides a means to potentially deliver the output of more than 24
exomes/day using a modest 24 logical-core CPU, from alignment to called variants, with-
out exhausting the read/write capacity of contemporary solid-state disk drives (NVMe).
Interestingly, the Spark-enabled tool tested on a local workstation was faster for WES
than a 72 virtual CPU cluster, using the Google Cloud Platform.
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Part II

Theoretical framework &

scientific discourse

45



8 NGS quality assessment

This chapter demonstrates that the error rate generally increases for tar-
geted sequencing as the variant read-depth decreases. Both amount or qual-
ity of DNA influences the distribution of variant allele frequencies and, con-
sequently, the standard deviation of heterozygous variant allele frequencies
provides a powerful and straightforward measure of sequencing quality. Char-
acterizing the underlying distribution is attractive to evaluate the burden of
a somatic mutation and potential allelic imbalance in cancer. The knowledge
presented in the theoretical framework is based on the included papers and
other recent work that will be cited accordingly.

The large number of data points generated in NGS projects inevitably leads to substantial
false-positive observations if appropriate measures do not exclude erroneous variants.
Unfortunately, there has been little consensus or discourse on assessing or reporting the
quality of resulting sequencing reads and thus the validity of reported variants. While it is
not trivial to conclude by NGS alone whether a mutation is truly somatic, variant filtering
and systematic annotation may alleviate some of the effects of mediocre or inferior quality.
The first problem of finding true somatic variants is diffidently exemplified by the previous
study involving monozygotic twins with monoclonal B cell lymphocytosis (Hansen et al.,
2015b, 2018)*, and the latter quality issue is aptly illustrated by the sequencing of DNA
derived from formalin-fixed paraffin-embedded tissue. On the variant level, coverage
and genotype quality provides measures, which are not necessarily representative quality
metrics of the sequenced sample on their own. That is, a sequencing run of high depth
does not guarantee meaningful biological results. The peculiar transition/transversion
ratio (Ti/Tv) has previously been suggested as an overall indicator of sequencing quality,
and so has the ratio of heterozygous to homozygous variants (Wang et al., 2015).
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Several factors contribute to a decreased quality, such as a low cell or DNA input, DNA
integrity, the degree of amplification of the nucleic acids in the sample, and more indirect
technical issues. On the other hand, some contributing factors are systematic and can
be alleviated or circumvented. For example, one pertinent issue is the batch effect (Leek
et al., 2010), which is potentially detrimental. The phenomenon is, of course, not confined
to NGS assays, but also microarray (Irizarry et al., 2005) and general laboratory analyses.
As follows, an effective quality measure is thus needed for direct comparison.

8.1 Heterozygous allele frequencies as SNR measure

In the human diploid genome, each pair of autosomes is derived from the maternal and
paternal genome. From a sequencing perspective, this means that the germline allele
ratios can be represented as discrete values of 1, 1/2, or 0 if absent. Furthermore, because
the biological signal is sustained despite purification, amplification, and sequencing, the
digital signal holds information on both the true biological signal and the inherent noise
of the laboratory techniques and methods. As such, sequenced heterozygous variant
allele frequencies are distributed symmetrically around the biological signal, one-half, and
the standard deviation of heterozygous variants is thus suggested as an effective quality
measure in the signal-to-noise ratio of a given sample.

8.2 Effect of coverage or DNA input on resolution

In addition to input DNA amount or integrity, the total number of sequencing reads affects
the resolution. Formally, the standard deviation and variance decrease as the number of
observations increases (Eq. 8.1–8.2).

� =

r
1

n

qX
|x� µ|2 (8.1)

�2 / 1

n
(8.2)

How the sequencing resolution is affected by coverage can be challenging to analyze sys-
tematically due to sample-wise variation. However, in some instances, the MCL genome
is struck by extensive genomic aberrations, such as exemplified by Patient 1 in Paper
II. Such cases may provide an informative and minimally biased view of how coverage
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of a genomic region and quality are directly correlated. Although the patient was de-
fined as 46,XY by clinical laboratory cytogenetics prior to relapse, the malignant clone
expanded with profound alterations in chromosomal copy-number, counting 14 aberrant
chromosomes resolved by WES. Several discrete copy-number states were demonstrated
by deletions, trisomies (3N), tetrasomy (4N), and even pentasomy (5N). Hence, the pro-
gression was highly suited for a more sophisticated evaluation of the allelic imbalance and
relative change in chromosomal coverage arising from such events. The results directly
underlined the relationship between coverage and VAF standard deviation (Fig. 8.2).
The analysis of allelic imbalance arising from CNA is discussed in next chapter.

The other primary factor affecting resolution, the amount and integrity of the DNA, has
previously been demonstrated by sequencing of whole-genome amplified DNA from single
and few cell input (Simonsen et al., 2018)*. Briefly, the observations showed that with a
lower amount of DNA, the number of unfiltered called variants increased (Fig. 8.3A),
and that the quality generally increases according to cell input (Fig. 8.3B and Fig. 8.4);
with a lower amount of DNA the estimated fraction of actual variants decreases, the risk
of allelic dropout increased, and the signal deteriorate. As the laboratory workflow and
the total number of reads were comparable in the study, the difference in variance was
directly related to input quality.

Generally, it was found that the collective contributions from DNA starting amount, in-
tegrity, sample purity or quality, and coverage to the relative dispersion of heterozygous
variant allele frequencies could be demonstrated across different sample types (Fig. 8.1).

8.3 The variant allele frequency distributions

Statistical characterization of the sequencing VAF distribution is attractive to estimate
the range an observation confidently will be present in, e.g., that roughly two-thirds of
the variants will lie within one standard deviation from the mean if normal distributed.
It will also help to define the uncertainty when assessing the allelic burden of a somatic
mutation. Several factors contribute to an increase in the variance, such as amplification
used in targeted sequencing leading to stochastic fluctuations depending on the number
of PCR rounds (Heinrich et al., 2012), and a high variance will increase the false-negative
rate of variant calling.

In relation to this project, the characterization of the underlying distribution of het-
erozygous variants was based on a compilation of 836 autosomes from 38 whole-exome
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Figure 8.1: Dispersion of heterozygous variant allele frequencies according to
sample preparation. From left to right: dilutions of AML cell line, where 1–5 cells were
manually extracted by micromanipulation (Simonsen et al., 2018)*, bone marrow (BM)
coagulum and frozen tissue from mantle cell lymphoma (Paper IV), bone marrow lysate
from an AML patient with normal karyotype (Hansen et al., 2016)* and fluorescence-
activated cell sorting purified cells from a patient with mantle cell lymphoma (Paper
II). The last two shown (*) are from the same sample, with the last boxplot having a
stringent read-depth threshold of 50 in comparison to 30 in the previous sample.
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Figure 8.2: Direct correlation between the standard deviation and change in
coverage induced by aneuploidy.

Figure 8.3: Quality as a function of cell or DNA input. An increase in the repre-
sentative number of cells leads to a decrease in called variants (A). Also, the results of
the study by Simonsen et al. (2018)* indicated that the heterozygous variant allele fre-
quencies become normal distributed when cell input increases and the standard deviation
drops (B).
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Figure 8.4: Signal deterioration of few input cells showing (A) marker dropout from
microsatellite genotyping (STR) based on 21 different loci from, (B) allelic mismatch
according to cell input, and (C) phred-scaled likelihood of correctly called variant zygosity.

sequenced samples, including samples of Paper II, thus representing a more broad range
of hematologic malignancies (Hansen et al., 2019)* (preprint). The data set comprised
48.5–188.6 million (median 84.3 · 106) mapped paired-end reads per sample and a me-
dian of 19,101 coding variants, in agreement with the expected (Frebourg 2014; Ng et al.
2009). The median read depth was 96, and lower and upper quartiles (Q) were 71 and
136, respectively.

Whereas the mean chromosomal heterozygous allele frequencies were found to be con-
stant (Q[1,2,3] = [0.478, 0.482, 0.486]), with only few outliers (n=7), the chromosomal
VAF standard deviations (�, Q = [0.062, 0.068, 0.074]) contained a substantial number
of outliers (49, Fig. 8.5). The majority of these outliers were associated with allelic
imbalance, arising from frank CNA.

Because WES data is marked by substantial stochastic noise and technical bias, the
statistical inference was performed using a Monte Carlo approach; by this approach, the
sample variant allele frequencies were statistically evaluated against random data samples
generated from a Gaussian model (listing 8.1). The approximated normal distributed
model was based on empirical standard deviations, mean of approx. 0.5, and a number
of observations corresponding to the specific chromosome being tested. In addition, the
number of heterozygous outliers was defined by the Tukey method (Eq. 8.3). Generally,
heterozygous variants were located in a specific range (0.1 < VAF < 0.8).

This Gaussian model was, in general terms, found to be in agreement with the empirical
data (Fig. 8.6). In total, 96% of the autosomes were found to approximate a Gaussian
distribution (805/836 at 99.9% confidence level, Anderson-Darling test).
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Figure 8.5: Evaluation of variant allele frequencies in a large cohort of auto-
somes (Hansen et al., 2019)*. Whereas � (blue) of heterozygous allele frequencies
(0.2 < V AF < 0.8) was comparable between chromosomes unaffected by copy-number
alteration of same sequencing batch, the introduction of a copy gain or low-frequency copy
loss increased the �. The mean chromosomal heterozygous allele frequency (red, µAF )
did not differ to any significant extent. The frequency symmetry in cases of trisomy leaves
the mean unaltered.
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1 RandomVariants = RandomVariate[NormalDistribution[mean , SD , variants ];

2 RandomOutliers = RandomFrequency [0.1, 0.8, outliers ];

3 VAFmodel = RandomSample[Join[RandomVariants , RandomOutliers ];

4

5 AndersonDarlingTest[VAFcase , VAFmodel]

Listing 8.1: Robust statistical test for normality using a Monte Carlo method and
Anderson-Darling test between case and model generated by random Gaussian variant
frequencies with stochastic outliers. The test is suited for both high and medium-quality
sequencing data.

Tfences = Q1� k(Q3�Q1), Q3 + k(Q3�Q1); k = 1.5 (8.3)

8.4 The special case of low-frequency variants

In contrast to heterozygous germline variants, somatic mutations are often found in the
lower range of the allele frequency spectrum, where such variants are difficult to discern
from technical errors. Typically, the number of erroneous variant calls is found to rise
steeply below frequencies of 10% for high-quality exome sequencing with coverage of
approximately 100x. Whereas the germline SNP algorithm HaplotypeCaller, and formerly
UnifiedGenotyper (GATK, Broad Institute), does not operate on low-frequency variants,
the somatic caller MuTect2 does. Thus, this tool is frequently used for the detection of
mutations without a lower threshold.

It may be argued that the high error rate is restricted to WES because of the low coverage.
Thus, the often very high depth of coverage in targeted panel sequencing, such as lym-
phoid or myeloid panels, may provide additional information on the risk and distribution
of false-positive somatic variants. In line with this, the study by Sørensen et al. (2020)*,
which comprised 36 patients diagnosed with therapy-related myeloid neoplasms, includ-
ing myeloproliferative neoplasms, myelodysplastic syndrome, and AML, investigated the
lower VAF threshold from a 30 gene panel. While the depth of coverage varied (Fig.
8.7A), the variant allele frequencies were to a large extent governed by the biological
distribution of the alleles, being prominent hetero- or homozygous. However, a trimodal
distribution was observed due to the substantial number of variants in the frequency
range, here below 5% (Fig. 8.7B and C). Zooming in, the number of variants in the
lower range matched an exponential rise, symptomatic of a steeply increasing number of
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Figure 8.6: Empirical data and model comparison. The model of heterozygous
variant allele frequencies listed in 8.1 provides a reasonable description of chromosome-
wise data from whole-exome sequencing, evident from a scatterplot (A), boxplot (B), or
the kernel density estimation (C). The empirical data is derived from an AML patient
with a normal karyotype described in Hansen et al. (2016)*.
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Figure 8.7: Deep panel sequencing of myeloid neoplasms described by Sørensen
et al. (2020)* (A). The trimodal histogram of variant allele frequencies (B) is char-
acteristic of low-frequency noise (or variants), heterozygous and homozygous variants.
The relative percentage of variants rises steeply when reaching 2% (C). (D) Shown on a
logarithmic scale.
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Figure 8.8: Distribution of unfiltered somatic variants allele frequencies in
whole-exome sequencing. Data is derived from samples presented in Paper II. The
rise in variants below 10% shows that decent coverage does not necessarily guarantee a
biological variant.

false positives (Fig. 8.7D). It is assumed that this phenomenon does not reflect the
biological signal as evidence points to a background noise level that is generally inherent
to the method in use. In the same manner, the error rate as a function of VAF can be
characterized for WES (Fig. 8.8). While the general threshold of 10% in WES is cor-
roborated by findings in other studies (Shi et al., 2018; Chen et al., 2020), the practical
limit may be as high as 12.5-15% when the resolution is suboptimal. Consequently, the
confident calling of variants with a low allelic burden is challenging, but has traditionally
been backed by qPCR or Sanger Sequencing (Cleveland et al., 2018).

From the empirical analyses, I find that the main factors for mitigating false-positive vari-
ants are sample purity, such as obtained from sorting, cell or DNA concentration/amount,
and the total number of mapped reads. Also, post-processing plays an important role, no-
tably discarding non-paired-end observations, providing a coverage threshold (e.g. 30x),
algorithmic confinement to targeted regions during alignment, variant calling, or after as
listed in 8.2, and filtering on the basis of annotation as suggested previously (Hansen
et al., 2015a)*. A completely different approach to mitigating error in order to find low-
frequency mutations is based on the ingenious addition of unique molecular identifiers to
each DNA molecule. Although I will not detail how to exploit this in WES, it is already
finding wide usage through single-cell sequencing.
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1

2 SelIntervals = Function [{chr , vcf , bed},

3 VCFsubset = Select[vcf , #[[1]] == chr &];

4 BEDsubset = Part[Select[bed , #[[1]] == chr &], All , 2 ;; 3];

5 BEDsubset = Apply[Interval , BEDsubset ];

6 Select[VCFsubset , IntervalMemberQ[BEDsubset , #[[2]]] == True &]

7 ];

Listing 8.2: Restriction of variants to targeted regions obtained from sequencing provider
or sequencing kit manufacturer is a simple, but crucial step in the analyses of capture-
based sequencing output. The code is written in the Wolfram Language.
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9 Allelic imbalance in the context

of chromosomal copy alterations

Chromosomal aberrations are common features of hematologic malignancies.
Several recurrent aberrations, such as chromosome 17p deletions, are rec-
ognized as important diagnostic or prognostic markers. While genome-wide
genotyping and genomic hybridization microarray analyses have been imple-
mented in clinical laboratories for several years, the usage of NGS for the
detection of acquired CNA has not yet reached full clinical integration. NGS
combines two previously biological assays, the SNP microarray and compar-
ative genomic hybridization array (arrayCGH), into a single assay.

The bioinformatics required to call CNV from NGS are generally divided into two branches
analogous to the genome-wide SNP arrays: 1) analysis of imbalance in variant allele
frequencies and 2) changes in read-depth ratios. This chapter will deal with the first,
whereas the latter is the subject of the next chapter.

9.1 Mathematical considerations

Despite the wide range of scientific papers published the last decade involving NGS,
almost none addresses the underlying distribution of the sequencing data in detail. I
advocate that such metrics generally must be performed and included for all sequencing
projects. The insights gained from such scrutiny may help alleviate erroneous conclusions
– especially when NGS is taken to its extreme. Examples of error-prone usage are se-
quencing of PCR amplified low input material or of poor quality, e.g., single-cell assays
or formalin-fixed paraffin-embedded tissue. In the following section, I will elaborate on
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the topic introduced in the previous chapter through logical deductions relating to VAF
distributions.

In the previous chapter, it was confirmed that the allele frequencies of heterozygous
variants, depending on the number of sequenced reads and general quality, do assume a
normal distribution in spite of increased bias and non-uniformity of reads compared to
WGS (Belkadi et al., 2015; Meynert et al., 2014). A practical usage of this observation
is the estimation of low frequency in copy-number gains through mathematical analyses.
Using imbalance arising from a simple trisomy will provide an example in the following
deduction, from which burden can be estimated from WES even when VAF distribution
is not discernibly bimodal.

If the chromosomal heterozygous VAF distribution is Gaussian (Eq. 9.1), then the
inflection point is located at ±�. It follows that for a trisomy to be discernible as a
bimodal VAF distribution, Gaussian in each of the separate unimodal components (Eq.
9.2), the modes containing reference and alternate alleles must be separated more than
2�. A trisomy present in all cells will present a distinct unimodal distribution with modes
at 1/3 and 2/3, which can be generalized for all copy-states (n, Eq. 9.3).

Because the unimodal distributions describing a copy-gain or low burden deletion are
symmetric, the outer inflection points can be used in assessment of the burden. These
points, xmax and xmin, are readily discernible from the derivative function (Eq. 9.4)
with xmax and xmin computationally found at max(f(x)0) and min(f(x)0) (Fig. 9.3).
Now, the estimated burden of the allelic imbalance can be calculated (Eq. 9.5), and
potentially be correlated with the copy-number profile assessed from read-depth ratios
(described in next chapter).
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Figure 9.1: Theoretical bimodal distribution as described by Eq. 9.2. When the
modes of two individual normal distributions (stippled lines) are separated less than 2� it
is not possible to discern whether the underlying distribution is unimodal or composite.
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9.2 The effect of sequencing read depth

As was shown in the last chapter, the variance of heterozygous variant allele frequencies
is directly proportional to the number of reads. To recapitulate, because the depth is
not the only contributor to the signal-to-noise ratio, it is not trivial to demonstrate
this effect between samples. The mantle cell lymphoma relapse of Paper II (Patient
1) provided such an opportunity, with a pronounced aneuploid clone ranging from 1–5
chromosomal copies in distinct regions of the coding genome. Thus, this case provides
a direct correlation between VAF and copy-number, i.e., allelic imbalance, the standard
deviation as a function of reads, and finally, an immediate increase in coverage as a
function of copy number. Because the standard deviation, and thus the resolution, is
inversely proportional to the square root of the sample size, i.e., median sequencing reads
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Figure 9.2: Theoretical bimodal distribution of heterozygous variant allele fre-
quencies characteristic of a single copy-gain at 100% burden or copy-loss at
33,3%.

Figure 9.3: Derivative variant allele frequency distributions. The three functions
shown are based on Equation 9.4 with parameters µ = 0.5, � = 0.08, � = 0 (blue,
unimodal), � = � = 0.08 (orange, unimodal, e.g. trisomy at approximately 50% burden),
and � = 1/6 (orange, bimodal, e.g. trisomy at 100% burden or deletion at 33,3%)
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Figure 9.4: Correlation of variant allele frequency and copy number (A) in relation to
standard deviation as a function of coverage (B).

nmed, it is not surprising that the non-linear regression of empirical data directly reflects
this relationship (Fig. 9.4). As the range of VAF values is 0–1, then a completely
stochastic outcome would be characterized as �max ⇡ 1. However, because technical bias
is inevitable, then �0 6= 0 (textbfEq. 9.6).

�(nmed) = �max
1

p
nmed

+ �0 ⇡ 1
p
nmed

+ �0 (9.6)

9.3 Allelic imbalances and sample quality

It is now clear that detecting allelic imbalance from WES depends on sufficient quality
and reads. When only a few cells or a limited quantity of material is being investigated,
extensive amplification is often required to attain enough material for sequencing. Two
recent collaborations exemplify this, one involving characterization of the signal-to-noise
ratio in single-cell and sparse-cell sequencing referred to previously (Simonsen et al.,
2018)* and the other involved copy-number profiling of sorted cell subsets with less than
1000 cells (Simonsen et al., 2020)*. In both studies, signal processing was implemented
to mitigate background noise, partly based on a median filter. In the first study, the
discernible allelic imbalances of the AML cell line (Fig. 9.5), OCI-AML3, were found to
be in general agreement with the 24-color karyogram (Fig. 9.6).
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Figure 9.5: Allelic imbalance introduced by copy-number alterations in single
and few cells. Exome sequenced cells derived from OCI-AML3 cell line were compared
against the 24-color karyotype and previously published cytogenetic profile. A marked
deterioration was observed as the cell input decreased. The noise-filtered variant allele
frequencies were defined as AFmed = MedianFilter[µ+Abs[AF � µ], 100]
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Figure 9.6: 24-color karyogram of the OCI-AML3 cell line.

More Information on methods and statistical tests implemented for the detection allelic
imbalances is provided in Paper III, chapter 11 and preprint paper (Hansen et al.,
2019)*.
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10 Detection of chromosomal copy

number alterations by read depth

ratios

The assembly of a human genome is based on a contiguous overlap of read sequences.
Ideally, sequence fragments will be randomly and independently distributed across the
width of the genome (G). In such cases, it is relatively trivial to estimate the average
depth of coverage (C) from the number of fragments (N) of specified length (L).

C =
LN

G
(10.1)

This problem was approached by Eric Lander and Michael Waterman (Lander and Wa-
terman, 1988), who did not focus on NGS workflows, as the technology was not invented
yet, but on gaps in DNA cloning. However, Eq. 10.1 does not provide information on
how many sequencing fragments are required to obtain a contiguous string of bases that
represent the human genome end-to-end. Reads may, of course, overlap and this makes
it possible to generate a more or less complete map of the individual chromosomes. The
stochastic process of how sequences are independently scattered across a region can be as-
sumed to follow a Poisson distribution so that the probability of any base to be sequenced
to a specified depth (d), considering the known average coverage (C, Eq. 10.2).

P (d, C) =
Cd ⇥ e�C

d!
(10.2)
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Thus, the theoretical model predicts that if a whole genome is sequenced to a mean cover-
age of 4x, the bases are covered four times in only 20% of the hypothesized observations.
It also hints that there is a 98% chance that any given genome position is covered at
least once. The probability of any given position to be covered can be generalized as Eq.
10.3 by the total number of sequencing reads (N), as we know the read length, or at
least the median length, and the size of the human genome is roughly three billion base
pairs.

P (N) = 1� e�
LN
G (10.3)

Because some regions contain repeats and are difficult to sequence, such as centromeric re-
gions, this mathematical description is an oversimplification. However, such models are of-
ten highly practical when investigating the genome and developing new algorithms.

Assessment of change in regional coverage compared to a suitable single control sample,
or a control generated from multiple samples, is one of the most common approaches
to detect chromosomal CNA. While sequencing reads of WGS are generally assumed to
be distributed randomly across the genome, with each read pair being an independent
observation, this does not apply to capture-based or amplicon sequencing. In WES, a bell-
shaped distribution is often observed, where the flanking nucleotides of a targeted region
display a more shallow coverage than is found in the center of the exon. However, it is
assumed that the distributions of normalized sequencing reads between two samples, often
case-control paired, are comparable when the same target enrichment is used. In WGS,
the regions are often defined as bins in the range of kilo- or megabases, while it is more
practical to consider targeted regions, such as exons, when using capture by hybridization
or PCR amplicons. Because of the relatively small size of the exome, constituting just
over 1% of the entire genome, the majority of flanks or breakpoints of structural variants
will lie outside of the coding regions (Kadalayil et al., 2015). The approach described in
Paper III is to map and count reads to gene intervals to assess the ratio of a specific gene
and, subsequent, to perform a Wilcoxon rank-sum test on groups of n successive genes
(e.g. n = 50) (Fig. 10.1). It was found that the statistical tests are heavily affected by
sequencing batch effects.
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Figure 10.1: Partial copy-number gain of chromosome 3 comprising approxi-
mately 140 Mb. The gain was highly significant using U test and �2 test. It is also seen
that, even though the sizes of the p and q-arms are of comparable, the proximal regions
of chromosome 3 are particular gene-rich compared to the more distal copy-afflicted part.
Thus, the relative size is not necessarily meaningful without genomic coordinates.
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10.1 Identifying batch effects and poor quality

Small differences in laboratory workflow may influence the end-results and ultimately
lead to faulty conclusions. The most extreme factors are running on different instruments
and with different kits in the wet lab, but more intricate are perhaps the batch effects,
which have no known sources other than different sequencing runs and day-to-day varia-
tion. While some attempts have been made previously to alleviate batch variations, such
as using a principal component analysis (Shi and Majewski, 2013), it is often detrimen-
tal.

Whether a sample-control pair is compatible for detecting CNA can be assessed by directly
comparing the number of reads each region has attained. Counting the number of reads
for each gene can be performed with, e.g., BEDTools (Quinlan and Hall, 2010), when
providing the sequence alignment and gene intervals (command line):

1 bedtools multicov -bams tumor.bam -bed gene -regions.bed > tumor -

genecoverages.bed

The resulting data points are then visualized gene-wise in a regular scatter plot with
no need for normalization (shown in Wolfram language, Wolfram Research, Champaign,
Illinois, USA).

1 result = DeleteDuplicates[

2 Transpose [{

3 Part[Import ["tumor -genecoverages.bed", "TSV"], All , -1],

4 Part[Import ["control -genecoverages.bed", "TSV"], All , -1]

5 }]

6 ]

7

8 ListPlot[result]

The resulting correlation scatter plot and Spearman correlation coefficient are highly
practical for the collective assessment of DNA and sequencing quality and to assess
whether the paired samples are suitable for the detection of CNAs employing read-
depth ratios. Also, the scatterplot will reveal large copy-number changes (Fig. 10.3).
Previous work (Simonsen et al., 2020)* suggests that even WES reads distributions
from small PCR amplified cell subsets, consisting of approximately 50–500 purified cells
(CD45lowCD34+CD38�CLEC12A+/�) from patients with a myelodysplastic syndrome,
can be highly concordant and reproducible (Fig. 10.2), when batch-effects are avoided.
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Figure 10.2: Demonstration of batch effect in three control-paired whole-exome
sequenced AML samples. Regional coverage correlation dismiss batch-effects in the
first two samples, but is unmistaken in the third. The data were derived from the study
by Simonsen et al. (2020)*.

Figure 10.3: Scatterplot of reads between paired B cells (7AAD-CD3-
CD19+light chain+CD5+CD20+FMC7+) from mantle cell relapse patient
sample and paired T cells (7AAD-CD3+). The correlated gene-wise sequencing
reads immediately reveal five different copy states, high sample qualities and compatibil-
ity. Data were derived from Paper II.
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Figure 10.4: Chromosome-wise view of batch-effects by read-depth ratios. The
two upper panels show cases of control-paired MCL samples derived from Paper IV,
whereas in the lower is a high-quality example the case-control samples were sequenced
together.

It is important to emphasize that while a single gain or a loss both imply a 50% change in
the number of copies, the relative change from disomic state to a trisomy is considerably
lower, reflected in the signal. Thus, the SNR is generally higher for deletions than for
trisomies of equal burden. The effect on allelic imbalance is even more profound, as
covered in chapter 9. Consider the ploidies n�1, from one to two copies versus two to
three copies (Eq. 10.4).

1�1

2�1
>

2�1

3�1
(10.4)

The investigated material from patient cases of CNS relapsing mantle cell lymphoma was
generally suboptimal (Fig. 10.4) for direct comparison of CNA as described. Thus, a
method was devised, which was more robust towards inconsistent quality and batch ef-
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fects. Briefly, the strategy implements an intra-sample control region, which in this study
involved the relative comparison of the q-arm of chromosome 1 to that of the p-arm.
Because the expected relative coverage is not known from the potentially aberrant chro-
mosome alone, the ratio is normalized to that of a paired control sample (Radjusted), where
N denotes the total number of sequencing reads positioned in the specified regions.

Radjusted =
Nq,case ·Np,normal

Nq,normal ·Np,case
(10.5)

10.2 Genome-wide CNA detection

Generally, it is asserted that WGS is more powerful to detect genomic aberrations when
compared with regions covered by WES (see Paper I). It is assumed that the latter is
phased out to cover the whole genome in a more unbiased and, in time, more practical
fashion. This advancement is especially relevant for cytogenetics. Thus, in parts of my
work, I have attempted to extend the approaches developed for WES to WGS (unpub-
lished, see Appendix). Deduced from mentioned Poisson distribution and non-parametric
comparison differences between paired samples, it is theoretically possible to detect a tri-
somy with a burden of 50% with approximately 95% certainty (p<0.05, Mann–Whitney
U test / Rank sum test) from individual regions of 1000 bases (Fig. 10.5). However,
empirically, reads may cluster together in smaller regions, e.g., 500–1000 bases. Conse-
quently the analyses must typically include intervals of 10.000 bases or more. The optimal
interval size may be found by sliding through a single sample in fixed window sizes of e.g.,
1–10 kb performing statistical tests between two co-sequenced paired control samples. For
the initial testing rounds, I will recommend 100 paired observations of 10 kb each to match
the 1 Mb resolution of arrayCGH. The regional reads must be normalized to the total
number of sequencing reads, as exemplified by the R script in the Appendix. This script
extends some of the methods presented in this thesis relating WES and optimizations for
the analysis of many whole-genome samples in parallel.
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Figure 10.5: Statistical power to resolve whole-genome copy-number alterations
using Monte Carlo simulations. The figure shows that even with very low coverage
of 0.5–1x and regions of 1000 bases each, the theoretical power to discern a copy-number
loss or gain is high. The test does not assume the sample-control pairs to be matched
samples as reads are randomly distributed and unrelated

.
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11 Integrating analysis of copy-neutral

losses by the juxtaposition of

variant allele frequencies and

read depth ratios

Detection of net increase or decrease of chromosomal material constitutes a
diagnostic pillar of laboratory hematology. Often, the cytogenetic profile is
used in the prognostic staging of the patient harboring a specific hematologic
malignancy. Although cytogenetics has been an inseparable part of routine
diagnostics for a long time, the motivation of the research presented in this
chapter is supported by the fact that acquired CNA do not always contribute
to effective aneuploidy. CN-LoH is a common genomic aberration in hemato-
logic malignancies (Arenillas et al., 2013) but poses some problems concerning
detection. While it is true that SNP microarrays can be used to detect CN-
LoH (Arenillas et al., 2013; Gondek et al., 2007), it cannot be identified as such
without accompanying arrayCGH. Supersession by NGS has the advantage of
analogously combining these arrays. This combination was also developed for
arrays (Wiszniewska et al., 2014) at a time when NGS was rapidly entering
the biomedical research laboratories. Although these genome-wide chromoso-
mal microarrays have the potential to replace or supplement other techniques
in the cytogenetic laboratory, as described by Berry et al. (2019), it will in-
evitably give way for NGS approaches. One of the limitations of the previous
usage of SNP arrays is a general bias towards common polymorphisms (Yu
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Figure 11.1: Three leukemia patient cases harboring copy-neutral deletions on chromo-
some 8 and 14 (A), chromosome 9p (B), and chromosome 13 (C) from (Hansen et al.,
2019).

et al., 2018), while most driver mutations in hematologic cancers are rare in
the general population. Collectively, NGS has the potential to encompass
detection of balanced and unbalanced translocations in addition to somatic
mutations, SNPs, chromosomal copy-number alterations or variation, gene
duplications or deletions, and CN-LoH in a single assay.

The motivation behind Paper III and preprint paper (Hansen et al., 2019)* was to
extend the general detection of CNAs by exome sequencing to the subtle distinction of
copy-neutral chromosomal losses. The relevance is justified because current sequencing
read depth correlations, of which many tools exist, do not detect this type of deletions.
A few tools are currently available, which combine VAF and coverage analyses, but the
applicability generally lacks transparency or is no longer supported, such as ExomeCNV
(Sathirapongsasuti et al., 2011)(last update 2012, archived 2013). Whereas the algorithm
can be approached by different means, Paper III formalizes the method by a simple
strategy: On the notion that the human genome contains approximately 20,000 protein-
coding genes and roughly an equal number of coding variants, the VAF and gene coverage
each provide discrete datapoints for direct comparison of the chromosomal imbalances.
One strength of the method is its reproducibility which can be explained in a few lines,
relying on unpaired Mann-Witney U test for comparing depth of coverage and �2 or
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Samples
Case Normal

Allele A DC,A DN,A

B DC,B DN,B

Table 11.1: 2⇥ 2 contingency table of case-control paired allele depths (Dsample,allele)

Fisher’s exact test for detecting allelic imbalance. Because CNAs often affect multiple
variants/genes, compound probabilities can attain infinitesimal theoretical values, as for-
malized in the following approach (see Paper III for more information). In situations
where stretches of probable and significant allelic imbalance are found, without significant
change in coverage, there is a strong indication of CN-LoH.

Let Dsample,allele define the case-control paired allele depths (Table 11.1). Then the �2

statistics (Eq. 11.1) and probability (Eq. 11.2) for each locus collectively provides the
theoretical compound probability (Eq. 11.3) for the given outcome to occur by chance.
Because the number of simultaneous tests is large, given by the number of variants on
the chromosome being analyzed (n ⇡ 1000), an adjusted significance level on the variant
level is recommended, such as Bonferroni correction (Eq. 11.4).

�2
Pearson =

N(DC,ADN,B �DN,ADC,B)2

(DC,A +DC,B)(DN,A +DN,B)(DC,A +DN,A)(DC,B +DN,B)
(11.1)

p = 1� CDF (ChiSquareDistribution(df = 1),�2
Pearson) (11.2)

pcompound =
nY

i=1

p(i) (11.3)

p  ↵/n (11.4)

The research on CN-LoH was spurred by previous work, where an immature T-cell acute
lymphoblastic leukemia case (Hansen et al., 2018)* harboring a mutation in CDKN2A was
accompanied by chromosome a 9p deletion (Fig. 11.1B) – none of which were resolved
by the diagnostic procedures.
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Of the previously described copy-number test cohort (see chapter 8), six of fourteen
patients with hematologic malignancies were found to harbor seven copy-neutral deletions
(Hansen et al., 2019)*. One of these patients was otherwise characterized as CN-AML
(Fig. 11.1C) (Hansen et al., 2016)*. In cases of very low burden allelic imbalances, it
is evaluated that the Brown and Forsythe robust test (1974) of equal variances may be
implemented for screening using paired control samples as exemplified by the reevaluation
of a previous study involving monozygotic twins with monoclonal B cell lymphocytosis
(Hansen et al., 2015b)* – also with a low-frequency deletion of chromosome 13. Because
the 13q deletion is regarded as the most common cytogenetic aberration in CLL (Van Dyke
et al., 2010) and may imply prognosis, it is important to detect CN-LoH, which effectively
is comparable to a frank deletion. In the discussed case, where both twins were affected
by lymphocytosis, it may have been implemented as a molecular handle for follow-up in
addition to B-cell count and immunoglobulin light chain usage.

Regardless of the method in use, there is a direct correlation between the ability to detect
an aberration as being significant, assay resolution, and the fraction of affected cells.
Thus, if DNA library and sequencing quality are disregarded, the assessment of allelic
imbalances depends directly on coverage and the allelic fraction (Fig. 11.3). This implies
that duplications are more challenging to resolve than deletion or loss-of-heterozygosity. In
order to detect a copy-gain confidently, it must be present at a high burden with coverage
and low variance. Using the theoretical foundation of Fig. 11.3, a resolution of 100x with
a VAF standard deviation of 0.08 or less and clonal frequency of 90–100% may be sufficient
to accommodate a significance level of 0.01–0.05. Also, the genomic size of the allelic
imbalance is crucial as it directly influences sensitivity. The methodology and output of
sorted malignant cells included in Paper II serve as an illustrative example, where the
general resolution was high and requirements met. The chromosome 22 profile of Patient
1 MCL relapse sample (Fig. 11.2C) briefly summarizes some of the subtle problems when
performing sequencing – or array analyses for that matter. The results support a clonal
genotype of AABB extending 4–5 million bases proximal to the centromere (22q11.21)
and AA (or BB) in the remaining distal part. The implication is that the first will not
be identified as an allelic imbalance but imply a gain of estimated four copies (see Fig.
9.4). Copy gains in this region are not frequently recurrent in hematology (Chang et al.,
2011) but are associated with congenital syndromes with comorbid hematologic disorders
(Vaisvilas et al., 2018; Chang et al., 2011). In contrast, the latter part strongly supports
a CN-LoH, with no net decrease of chromosomal material. Chromosome 22 deletions or
loss-of-heterozygosity are frequently reported in a wide range of cancers, partly due to
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Figure 11.2: A copy-number profile of chromosome 22 from a patient with relapsing
mantle cell lymphoma. The control-paired gene-wise read depth ratios on variant allele
frequencies strongly imply a significant copy gain without allelic imbalance in the first
part of the chromosome and a highly significant copy-neutral loss in the latter part, where
two copies are still present.

the firmly establish the tumor-suppressing role of the NF2 gene (Neurofibromin 2). Of
note, chromosome 22 is acrocentric with a p-arm devoid of coding genes.

Now, as NGS is being utilized widely in laboratory diagnostics, it is of utmost importance
to gain an accurate detection of CN-LoH, adding substantial value to current cytogenetics.
From our results, we suggest that pre-sequencing, such as correct sampling, cell sorting,
and sequencing parameters, most notably coverage and batch effects, are as critical steps
as the different algorithms available. We also observed that heterozygous VAF standard
deviations are influenced by the total number of batch reads and that CNA has a profound
effect on the AF distribution itself: Large deviations in VAF, also utilized by SNP arrays,
are often visible by frequency plots alone. This allelic imbalance is readily comprehensible
as the observed distribution is directly influenced by copy gain and copy loss. Assessment
of coverage enables more sensitive detection, and parallel analyses of both offer stringent
validation of CNAs and resolution of partial CN-LoH or complete isodisomies.
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Figure 11.3: Theoretical assessment of statistical significance based on coverage
and relative percentage of allelic change using the �2 test on 2x2 contingency tables

A close agreement between CNAs detected by means allele frequency changes resolved
by �2 statistics and change in DP ratio exists, as shown here. Also, we observed that
statistical comparison of heterozygous VAF standard deviations is a potentially powerful
supplement for the detection of low-burden chromosomal allelic imbalance. While specific
copy number changes can be suspected from sample allele frequencies without a paired
control, this is generally not feasible by standard coverage analysis for WES. Additional
caveats include batch variability, which affects variant allele frequencies to a lesser degree.
Thus, the derivation of chromosomal copy alterations from VAF is a powerful tool on its
own. Although the most frequently utilized methods rely on DP ratios, the usage of VAF
has been described several years ago (Wang et al., 2015).

Common for the approaches presented is the theoretical ability to evaluate the tumor
burden of the copy change, but it is often challenging. One important notice is that the
allelic imbalance suffer from allele frequency overlap, as a function of both variance and
burden, and potential subclonal involvement.

The previous chapter on the allelic imbalance of VAF covered how each read of a given
variant and the reference allele could be viewed as sample observations, drawn randomly
and disjoint, to calculate �2 statistics of independence. The motivation is to test whether
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an observed VAF is likely to have changed relative to the expected (i.e., V AFexp =
1
2 6= V AFobs). It is trivial to see how the detection of VAF imbalance inflicted by a
chromosomal copy alteration, although recommended, can bypass the need for a matched
control in certain applications.
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12 Discussion

The presented research has two parallel and central themes in hematology;
One line investigates the current and past usage of targeted sequencing and
technical problems hereof, and the other explores biological aspects of mantle
cell lymphoma as a case study. The primary effort of the overall project
was to optimize NGS bioinformatics workflows by an empirical data-driven
approach, in contrast to the purely algorithm-driven processing of data.

In contemporary biomedical research, bioinformatics has become an integrated part,
driven by the large amounts of data generated even in modest studies. As the last in-
cluded manuscript demonstrates (Paper VI), it is becoming possible to carry out efficient
and fast sequencing data processing on a powerful local workstation, even outperforming
high-performance computing clusters in some aspects, as shown by the speed comparison.
Variant-calling with newer algorithms that can exploit modern machine architecture, here
the GATK4 Spark-enabled command-line tools, was found to be several times faster than
the previous versions. The main reasons are faster hardware and software optimization.
The initial analyses of the included MCL cases were contemporary with the release of de
facto standard Genome Analyses ToolKit 4 (GATK4). However, the mutation detection
in the first releases of Mutect2 in GATK4, which still lacks proper parallelization, could
take more than a day for one tumor-control paired sample at the same time.

In an attempt to solve this issue, scattering sequencing data into smaller regions, followed
by recombination, mediated faster processing and is suggested by the Broad Institute
(MIT and Harvard, Cambridge, MA, USA) as a simple parallelization approach. This
divide-and-conquer strategy was also implemented for the copy-number workflow used
in Paper II–III where alignment and subsequent parallel chromosome-wise read depth
analyses could be reduced to approximately one hour on a 24 logical-cores CPU. Similarly,
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the entire workflow from raw sequences to variant-calling could be finished within an hour
using Spark, which is slowly being implemented in GATK4. The introduction of fast solid-
state disks (PCI express/NVMe) and cheap computer memory in the last couple of years
have made it possible to carry out whole-exome and genome bioinformatics for cancer
research on midrange workstations. Since 2018, where the benchmark was performed, it
has now become possible to implement 128 logical cores/threads (64 cores) in an ordinary
workstation. These and other advances help make NGS available to researchers who do
not yet have the proper training or high-performance computing clusters within reach.
A commercial bioinformatics solution, such as CLC Biomedical Genomics Workbench
(Qiagen), may provide a practical alternative to the specialized Linux command-line tools
used in parallel in this project. The major downside to this is poor or costly scalability
and lack of transparency. However, I found that running two different bioinformatics
pipelines for variant and copy-number calling in several instances provided additional
information to confirm or reject observations.

12.1 WES flexibility and limitations

One advantage of the sequencing modalities is the potential to combine several previous
laboratory analyses into a single assay, particularly mutational screening and cytogenic
investigations to the breadth of the genome. Other usages include profiling of gene ex-
pression levels and clonal characterization – from bulk analyses to single-cell sequencing.
Thus, it is an integrated approach that can become a powerful tool in combination with
proper annotation from external biomedical databases.

Whole-exome sequencing is positioned between WGS and targeted panel sequencing. It
incorporates the breadth of the first method covering the coding genome and the lat-
ter’s focus to reach a higher depth of coverage at a lower cost than WGS. The common
strategy of capture-based targeted sequencing makes WES technically more comparable
to panel sequencing, posing different challenges to WGS. All NGS modalities and library
preparations have specific error rates, which can be characterized systematically as briefly
demonstrated.

The presented data shows that the false-positive rate steeply rises as the VAF drops,
becoming discouraging below 10% for WES. Thus, even with targeted panel sequenc-
ing, using a depth of coverage in the order of thousands, it is impossible to eliminate
false-positive variants. Of note, whether subclonal mutations of very low burden are
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detected from sequences may be regarded as a stochastic process, as modeled by the
Poisson probability distribution. This problem is analogous to the detection of MRD
employing immunoglobulin gene rearrangements in B lymphocytes. Paper V presents a
conceptual and mathematical critique of the sequencing of residual disease from clonally
rearranged immunoglobulins and is elaborated upon in the results section. Not surpris-
ingly, the amount of DNA and coverage must support the intended sensitivity. Despite
this, it appears that this may be an overlooked issue in the current literature, and thus
this particular topic is relevant for the detection of low-burden somatic alterations, in
general. If performed correctly, the high specificity of rearranged DNA or larger indels in
combination with the procedure’s sensitivity becomes a powerful tool for clinical MRD
applications.

12.2 Comments on variance

Because neither the number of reads nor DNA quality alone is an effective proxy for the
sequencing resolution, I propose that the standard deviation of heterozygous variant allele
frequencies provides such a measure: It is an effective indicator of sample purity, quality,
integrity, and the concentration or amount of nucleic acids – all-important attributes of
the final resolution.

One of the efforts to augment the resolution here was implementing fluorescence-activated
cell sorting of antibody-labeled mononuclear cells in Paper II. Although a simple con-
cept, often highly suitable for hematologic cancers where the immunophenotype is often
known, it has not received much attention in the literature on improving sequencing qual-
ity. Relative to bulk sequencing or whole genome amplification of only a few cells, the
standard deviation of heterozygous variant allele frequencies of the sorted MCL cells of
Paper II was markedly decreased. Previously, in parts of my previous research, it was in-
dicated that purified T cells based on the T lymphocyte co-receptor, CD3 (Hansen et al.,
2015b)*, could leverage the quality for control samples, whereas the sequencing library
preparation of the case samples was in fact performed on bone marrow mononuclear cells.
Furthermore, the direct correlation between the amount of input DNA and quality has
previously been demonstrated in a study characterizing the sequencing signal-to-noise ra-
tio in replicates of one or more micromanipulated cells to approximately 50 cells derived
from a leukemia cell line (Simonsen et al., 2018)*. Quite recently, this usage of the stan-
dard deviation to estimate the signal-to-noise ratio, SNR = µ

� , has been adopted in the
analysis of vector integration in patients’ hematopoietic cells (Cesana et al., 2021).
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Despite not being a consensus gauge for quality in NGS studies, the dispersion of het-
erozygous variant allele frequencies is directly compatible with the statistical measure
coefficient of variation, i.e., the relative standard deviation, (CV = �

µ ), or the frequently
applied SNR in engineering (SNR = CV �1). Whereas the mean of heterozygous variants
is constant even for chromosomes afflicted with trisomy, a sudden rise in � when sliding
along the genome is a strong indicator of allelic imbalance. As deduced in the theoreti-
cal framework, the burden of low allelic imbalance can be estimated from the derivative
function of the VAF kernel density estimation (KDE) and � of the approximated normal
distribution. To my knowledge, this is the first formal model of the problem address-
ing the lower frequency range. In cases where a large proportion of the bulk contains
cells harboring allelic imbalance, the burden can be directly estimated by the modes of
the KDE. As I have shown, high burden CNA also affects the number of reads for the
implicated region and thus the variance.

Effective removal of false-positive mutations is one of the most important and ongoing
issues in NGS research. Whole-genome, exome, and panel sequencing inevitably give rise
to a substantial amount of false positives. An error rate above 0.1% has been estimated
previously (Ma et al., 2019; Glenn, 2011; Goodwin et al., 2016; Mardis, 2013). This fig-
ure was based on previous Illumina sequencers, such as Illumina Genome Analyzer II,
HiSeq1000, and HiSeq2000, but it is still a persistent issue. Consequently, a genome se-
quenced with a shallow depth of coverage of four reads (4x) may contain several million
erroneous base calls. This figure is in the same order of magnitude as expected single nu-
cleotide variants, and it will be difficult to ascertain whether any given variant is germline,
somatic, or merely introduced by technical bias. In the first decade following the introduc-
tion of sequencing by synthesis, it was common to confirm somatic candidates by Sanger
sequencing (Cleveland et al., 2018), although with a lower sensitivity. Other strategies to
curtail erroneous bases include sequencing replicates or increasing the depth of coverage.
Because NGS assays are flexible, it is attractive to increase the coverage (Meynert et al.,
2013); however, it is not possible to mitigate errors arising from amplification of the nu-
cleic acids. Although it is suggested that sequencing replicates can play an increasing role
in noise reduction, there is nothing in current NGS usage that has indicated that this will
become the standard (Robasky et al., 2014), despite the continuously falling sequencing
costs.
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12.3 The role of replicates

It has been shown that sequencing of biological or technical replicates increases the pre-
cision of the assay more effectively than increasing coverage (Liu et al., 2014; Ziller et al.,
2015). Several different strategies exist, such as technical and biological replicates or, as
emphasized here, the combination of the coding genome and transcriptome. However,
while replicates are frequently implemented in qPCR assays, there is no such consensus
for NGS, partly owing to additional costs, labor, or amount of DNA used. Replicates
have been implemented in other forms in earlier research for direct comparison of allelic
dropout in single and sparse cell assays (Simonsen et al., 2018)*, together with former col-
leagues. In another study, a more robust control sample was established by Line Nederby
from both cultured keratinocytes and fibroblasts (Hansen et al., 2018)* as a biological
replicate. In a third, a pseudo-germline variant set was established in relation to a study
of monozygotic twins with chronic monoclonal B cell lymphoproliferation (Hansen et al.,
2015b)*. The latter study was based on the presumption that the twins carried identical
genomes at conception, and thus the germline control was deemed confident in positions
where variant alleles were identical.

From the large 1000 Genomes project, it has been suggested, based on empirical evi-
dence, that implementing at least two different technologies reduces the false-positive
rate (Nothnagel et al., 2011). Analogous to DNA replicates, I have previously demon-
strated that the combination of the transcriptome and coding genome mitigated false
positives and improved the detection of somatic driver mutations (Hansen et al., 2016)*.
Furthermore, the direct intersection of mutation candidates from control-paired DNA and
RNA samples revealed that it is possible to narrow down the number of somatic single
nucleotide variants and small indels one to two orders of magnitude to very few expressed
drivers with high concordance to clinical laboratory analyses. Concerning Paper II, and
in concordance with previous research, the number of somatic mutations was markedly
decreased when using combined DNA and RNA sequencing, in contrast to the number
called by the former state-of-the-art algorithm MuTect (Cibulskis et al., 2013)(Broad
Institute, Cambridge, MA, USA), which was ten-fold higher than the RNA-intersected
somatic mutations. Also, a discouraging small overlap was observed between the two
different calling algorithms, MuTect and CLC Genomics Workbench (QIAGEN Aarhus,
Denmark).

On the other hand, somatic mutations are not necessarily expressed in the investigated
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cell. The lack of expression may be tissue-specific, be the result of a biological cue, or be
somatically induced – exemplified by changes introducing a stop codon or frameshift as
described in a case of AML with normal karyotype harboring a somatic WT1 mutation
(Hansen et al., 2016)*. In such cases, the absence of gene expression may be a result
of nonsense-mediated decay. Consequently, it is also recommended to assess mutations
called by DNA sequencing independently. Cells with intensive proliferation and DNA
replication, and perhaps increased genomic instability, will inevitably acquire additional
passenger mutations with no known function in the context of the tumor. Not all of these
mutations are contributing to the cancer phenotype. Both of the referenced studies show
that the resulting few somatic candidates are in stark agreement with census oncogenes
or tumor suppressors for the malignancy, i.e., TP53, ATM and NOTCH1 in mantle cell
lymphoma or IDH1, IDH2 and NPM1 in the referenced AML cases. Despite this, one
study has shown only minimal overlap between single-nucleotide variants detected from
both DNA and RNA (14%, O’Brien et al. (2015)), and collectively the published studies
including both RNA and DNA sequencing have been sparse. One such study used both
to investigate variants in patient-derived tumor xenografts (Rokita et al., 2019), whereas
another recent study also integrated exome and RNA sequencing but reserved the lat-
ter for the detection of fusion-genes and expression analysis (Hirata et al., 2019). The
reluctance for using such a strategy is interesting in the light of the cardinal paper by
The Cancer Genome Atlas Research Network, being a forerunner of the genomic age in
hematology, which investigated the genomic landscapes of 200 de novo AML cases in un-
precedented details using WGS, WES, methylation arrays, RNA and miRNA-sequencing
(Cancer Genome Atlas Research et al., 2013). In the presented study (Paper II), tran-
scriptome sequencing leveraged the genomic profile in several ways: First of all, it reduced
false-positive observations, and secondly, it held expressional information, which was not
evident from DNA sequencing alone. Also, a consensus between RNA expression levels
and qPCR was found. Another definite advantage of implementing RNA is to detect alter-
native splicing or exon skipping, which is not detectable from genomic DNA alone. And,
finally, a more subtle usage of replicate or combined DNA/RNA sequencing has been the
crosschecking of the unique variant fingerprint of an individual (Cummings et al., 2017).
Either way replicates reduce the risk of accidental sample swapping to a minimum.
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12.4 Integrative molecular diagnostics

Perhaps the most compelling result or outcome of these collective studies here is the fact
that NGS may be used for integrative molecular diagnostics or prognostics. Several of the
identified molecular lesions within these papers have a direct or suggestive role in diag-
nostics and prognostics. Of course, the most evident are the ATM and TP53 mutations
in Paper II and IV, but it is, in my opinion, apparent from the mutational profiles that
a proper workflow enables efficient screening of patient-specific cancer drivers. At the
time of sequencing, little evidence supported a role for several of the mutations, such as
SPEN, but new evidence is continuously being gathered. It is now known that CCND1
mutations are recurrent, particularly being associated with non-nodal MCL (Puente et al.,
2018).

Interestingly, despite being characterized as markedly heterogeneous, MCL seems to have
coherent principles such as the co-occurrence of CCND1 mutations and IGHV-mutations
described by Bea et al. (2013), as is the case for Patient 3 in Paper II. The double
mutated CCND1 mutations were located in the same N-terminal region (amino acid
41–47) as the cases reported by Bea et al. (2013). In the same line, it is not surprising
to find a wide range of CNA in ATM or TP53 mutated cases. Multiple studies have
shown that complex karyotypes and extensive CNA are risk factors and are associated
with poor prognoses (Hieronymus et al., 2018; Parkin et al., 2010; Greenwell et al., 2018).
In contrast, Patient 4 was distinct by the relatively low number of aberrations and low
CCND1 expression resolved by RNA-sequencing. These results pointed to a genotype
similar to splenic marginal zone lymphoma, in which SPEN and MYD88 mutations and
chromosome 7q32 deletions are recurrent (Jaramillo Oquendo et al., 2019). Cases of
MCL resembling marginal-zone lymphoma have previously been described (Randen et al.,
2011), but it may also, in frank genomic terms, be more related to a splenic marginal
zone lymphoma – an indolent B-cell non-Hodgkin lymphoma. In this setting, it is thus
interesting that Patient 4 was the only patient in this study who did not relapse and
experienced a slow progression.

This integrative potential was also exemplified in two cases: The first one being in a
previous case of diagnosed T-ALL in a young adult concluded to be a immature early
T-cell precursor leukemia originating from early thymic progenitors with myeloid and
lymphoid potential (Hansen et al., 2018)*. The other example was a case of CN-AML,
where CN-LoH was found during the development of the methods described in Paper III.
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While the first referenced study provided clear evidence of subclonal involvement when
pairing mutational frequencies and the clearance of mutations between diagnosis, first
relapse, and second relapse, I have found no convincing evidence of co-existing subclones
within the MCL cases. However, the results of Paper II do indicate from clearance of
significant chromosome 12 and 13 losses that a pre-diagnostic clone exists for Patient 1,
which gives rise to a genotypical difference, and thus likely phenotypical different relapse
clone. In contrast to single-cell sequencing, the use of WES to infer subclonal involvement
is tricky as bulk sequencing offers no spatial resolution. In addition, it is challenged by
the potential frequency overlap of clones and the complexity of allelic imbalances.

In my view, the premalignant constituents or the potential role of a clonal bone mar-
row disorder preceding MCL is still a currently under-investigated theme. Our research
group’s latest results show that more immature SOX11+ pro-/pre-B cells exist among
presumably normal SOX4+. This phenomenon was demonstrated from a population of
more than 30,000 cells from eight patients with MCL (Hansen et al., 2021)*. These
results emphasized the heterogeneity between the individuals with little evidence of sub-
clonal involvement. The results are interesting from the knowledge that t(11;14) is not
confined to cancer (Espinet et al., 2014), but may be present in otherwise healthy indi-
viduals. Although a different disorder, the theme of an early precursor capacity was also
explored with the mentioned immature T-ALL. This case supported a model in which
IKZF1 p.G158S together with CDK2NA nonsense mutation p.R80* were presumably in-
herent to the founding clone, and FLT3 p.D835Y, often observed as a latecomer in the
malignant progression, being a subclonal addition (Hansen et al., 2018)*. The eradication
of the FLT3 -TKD point mutation following treatment was replaced by a FLT3 internal
tandem duplication, apparently complete loss of functional CDKN2A by a retained non-
sense mutation and a CN-LoH on chromosome 9p, which harbors this cyclin-dependent
kinase inhibitor. The molecular portrait made it possible to suggest that a more subtle
diagnosis of early T-cell precursor acute lymphoblastic leukemia (ETP-ALL), which is
now identified as a high-risk subtype with an abysmal prognosis.

The number of mutations in different cancer forms may vary as much as a 1,000-fold
(Lawrence et al., 2013; Alexandrov et al., 2013). A large discrepancy in the number of
observed mutations relative to the expected of a given hematologic malignancy may in-
dicate a problem within the workflow. As an example, Cancer Genome Atlas Research
et al. (2013) and others have shown that AML generally displays few somatic mutations,
contrasting, for example, lung cancer, colon cancer, or melanoma. In the same manner,
the number of individual driver mutations in MCL may be quite low. Thus, in spite of
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being characterized as very heterogeneous, it appears that at least the list of putative
somatic driver mutations is limited but may vary if focusing on solid tumors. The ge-
nomic positions often vary even in recurrent gene mutations, and, as such, the extensive
combination of mutations and structural variants calls for rigorous annotation.

From a clinical perspective, it is challenging to bridge the variant data derived from
NGS tests to actionable insights unless clinical action is solely based on consensus driver
mutations. By experience, sifting through potential somatic candidates is often a daunting
task and somewhat influenced by subjectivity. Together with a substantial amount of
false-positives by the somatic calling algorithm, it is an ongoing concern that scanty
evidence leads to faulty conclusions. To alleviate the problem and partially circumvent
the subjectivity of variant assessment, Paper II utilizes a strategy where transcripts
support the coding genome.

Annotation, filtering, and curation are some of the most crucial, and perhaps most chal-
lenging steps, in the collective workflow of NGS bioinformatics. The knowledge base and
supporting evidence to confidently retain or reject a somatic candidate as being causal is
ever-changing. Not only do formats change over time, but also the compatibility with a
given genome assembly or bioinformatics tool. External annotation resources are often
considerable in size, such as the dbSNP database or the Catalogue Of Somatic Mutations
In Cancer (Sanger Institute, Cambridgeshire, UK). Because annotation is time-consuming
and error-prone, this branch of computational analysis can be regarded as a specialized
subfield of NGS bioinformatics.

A crucial part of the included studies related to the proper annotation of the genomic data.
It is one of the most elusive and error-prone steps in of sequencing research projects, as the
publicly available data changes constantly and is stored in a variety of formats. Mastering
data annotation, curation, and visualization is a tedious and often confounding process,
requiring the researcher to develop adept analytical skills. Concerning my projects, the
annotation of NGS data has perhaps been the most time-consuming. No consensus exists
on how to curate sequencing data from cancer genomes. Following the first sequenced
genome of a cancer patient (Ley et al., 2008), the problem was approached by using
tiers for the classification of somatic mutations found in another patient with AML; the
first category, tier 1, comprised mutations in amino acid coding regions of exons, splice-
site regions, and RNA genes (Mardis et al., 2009). Albeit, this is not sufficient for the
interpretation of coding variants. However difficult it may be, sequencing annotation
forms an essential pillar of modern cancer research.
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The annotation techniques used for the presented research have primarily been based on
the previously described work (Hansen et al., 2015a)* and from developed cross-platform
annotation software, VariFant, developed in the Xojo programming environment and
language (Xojo, Houston, TX, USA). These techniques have been extensively refined for
the use in several projects (Hansen et al., 2015b, 2018; Simonsen et al., 2018; Hansen et al.,
2016; Simonsen et al., 2020)* (in addition to Paper II and IV), and have been a time-
consuming effort in pairing data with relevant and meaningful clinical information, online
biomedical databases, such as the Catalogue Of Somatic Mutations In Cancer (Bamford
et al., 2004) or dbSNP, and automatic literature search through PubMed. Regrettably,
this project has currently been abandoned, unpublished.

12.5 Copy-number calling in WES

With the capability to map the complex combinations of recurrent lesions of a cancer
genome, the attention was foremost directed towards somatic mutations, initially with a
strong emphasis on single-nucleotide variants. However, it has become clear that most
types of short-read sequencing, be it a panel, exome, or WGS, provide the researcher
means of inferring large structural somatic variants on the chromosomal level. Relying on
WES to call CNA has been heavily debated in the literature. From the research conducted
over the last couple of years, I dismiss the notion that WES is unsuited for resolving CNA,
although some limitations exist, and it is rapidly being replaced by the more unbiased
sequencing of the complete genome. Instead, failure to resolve the CNA is foremost an
issue of poor quality, low sequencing depth, tumor burden, chosen laboratory workflow,
or inappropriate data processing. It is found that WES is very sensitive towards batch
effects; however, plotting the linear correlation of regional reads between tumor-control
paired samples is an effective way of checking read-depth inconsistencies. I find that the
lack of transparency is a general issue in published studies involving NGS, making it
difficult to review or reproduce such studies. Despite many available CNA tools, it is not
a trivial task to pinpoint an algorithm that performs well in all situations.

The ability to discern chromosomal copies is readily demonstrated by the lenient copy
number profile of Patient 1 (Paper II), with more than half of the chromosomes be-
ing afflicted. One of the strongest associations with decreased survival is the deletion
of chromosome 17p and TP53 mutations, as is found in Patients 2 and 3. This also
pertains to CLL (Campo et al., 2018) and other hematologic malignancies. It is almost
universally applicable in cancer diagnostics, yet to my knowledge, even TP53 screening
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is only now becoming routine for many hospital laboratories. Although the work with
Paper IV exemplified some of the problems with CNA detection in WES, mainly due to
increased noise, it showed that detection of allelic imbalance through change in variant
allele frequencies is much less affected by sequencing batch effects in comparison to the re-
gional shift in read-depths. Patient 4, who experienced a long-term response to ibrutinib
following intraocular infiltration of MCL cells, is the first case I have encountered with
concurrent lesions of ATM and TP53, detected within the dorsal tumor at relapse.

Copy-number variation/alterations are generally detected in NGS reads by two major, yet
different, approaches: read-depth ratios and VAF analysis. Because of the inherent noise
of WES, the size of the CNA has to be in the order of megabases to be confidently identified
from altered read depth ratios between tumor and control samples, while allelic imbalance
due to duplication or deletion may be resolved from a single nucleotide variant. Perhaps
coincidently, early large-scale studies have showed that the majority of copy gains and
losses most frequently were either short focal (recurrent) or large arm- and chromosome-
level aberrations (Beroukhim et al., 2010). However, this may also point to some of the
limitations in relation to resolution by both array and sequencing technologies.

As the coding genome is found to contain roughly twenty-thousand variants (Stitziel et al.,
2011; Ng et al., 2009; Hoischen et al., 2010; Bolze et al., 2010; Musunuru et al., 2010),
on average, a single coding variant is expected per gene. This knowledge may form a
practical quality measure as argued in Paper I, but also forms the basis of the proposed
method in Paper III, where the juxtaposition of reads per gene and single nucleotide
variants supports the detection of copy-afflicted chromosomes or CN-LoH.

12.6 Final remarks

The limitations of my study pertain to the low number of patient samples and, in certain
aspects, suboptimal quality. To a bioinformatician, data is power; both the amount of
the data and its quality. As is the case for Paper II, any differential gene expression
analyses will suffer from a low number of diagnosis-relapse paired samples. Furthermore,
it is difficult to draw specific biological conclusions for most of the CNAs. Fortunately,
the number of individuals diagnosed with MCL is relatively low, but this also means
that it is cumbersome to include a large cohort of patients. This is especially true for
CNS-infiltrating MCL, which affects very few patients a year in Denmark.
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A wide range of bioinformatics tools exist. The tools are often time-consuming to im-
plement correctly, and thus I have only evaluated a fraction of these, many of them not
being described here. However, my primary focus has dealt with the more basic interface
between NGS data and its processing. This, by itself, has been a comprehensive task in
the last couple of years and is not confined to the details presented.

As the difference in cost between WES and WGS is leveling out, the latter will inevitably
be the first choice for many clinical applications. Still, the current state-of-the-art se-
quencing platforms from Illumina, such as the NovaSeq 6000 system, generally deliver
short reads and pose a challenge in the transition from cytogenetics to cytogenomics. For
some applications, the Oxford Nanopore systems (Oxford Nanopore Technologies, Ox-
ford, UK) can provide reads in kilobases or even megabases and may be the most suitable
platform for detecting extensive structural chromosomal alterations in cancer genomes,
such as balanced translocations.

It is noted that health care information pages often describe the causality behind non-
Hodgkin lymphoma as being unknown, but having entered the post-genomic era, it is
now clear that discrete lesions of the genome are the primary culprits driving the ma-
lignancies. Yet, the defined term post-genomic, i.e., referring to the completion of the
human genome, does not provide any reasonable justice to the massive recent and on-
going research undertaking in the field of hematology. The development of hematologic
malignancy is partly described by stochastic somatic events in the setting of an inherited
genotype, the immune system, and the aging genome, partly in successive and ordered
events. The direct implication is that distinguishing between a premalignant disorder and
a cancerous state is not trivial and needs to be further explored in the future.
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Part III

Appendix
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13 Methods and materials

The included papers and samples were largely based on high-throughput second-generation
sequencing on the Illumina systems (HiSeq 2000/2500, NextSeq550) with capture-based
targeted sequencing. Exome enrichment and library preparation based on SureSelect (Ag-
ilent Technologies, CA, USA), Nextera (Illumina, CA, USA), NimbleGen (F. Hoffmann-
La Roche AG, Basel, Switzerland) kits. RNA libraries have been prepared with TruSeq
stranded mRNA kit and TruSeq RNA Access Library Prep Kit (Illumina). The latter was
introduced as a protocol for a low RNA input (10 ng) with high quality from purified cells
by sorting. DNA samples were generally sequenced with a paired-end read length of 100
bases or more. Alignment (GRCh37) and variant calling was performed using BWA (Li
and Durbin, 2009) and GATK (McKenna et al., 2010) (3.6/3.8/4) workflow (McKenna
et al., 2010) or with CLC Biomedical Genomics Workbench (Qiagen). Variants and reads
located outside targeted regions were excluded from the analyses, and a hard filtered
base-quality threshold of 25 and minimum allele read depth of 20 were applied. Gene-
wise read depths were retrieved with BEDTools (Quinlan and Hall, 2010) from RefSeq
coordinates (UCSC, Karolchik et al. (2004)). Statistics and data analysis of variants and
gene read depth were performed in Mathematica (Wolfram Research, Ill, USA) and R
(3.6). Gene-wise read-depth ratios were compared to the established CNA tool VarScan2
Koboldt et al. (2012), which evaluates read-depth ratios without statistical inference.
Figures were prepared in Prism 7/8 (GraphPad Software, CA, USA), Mathematica, and
Adobe Illustrator. The general-purpose plotting software for juxtaposing variant allele
frequencies and read-depth ratios, implementing Fisher’s exact, �2 test and U test, was
developed in Xojo (Xojo, Houston, TX, USA). Annotation was primarily performed with
the developed software Varifant (unpublished), which combined multiple online databases,
such as COSMIC, PubMed, ClinVar, and dbSNP. I refer to the individual papers for more
specific information on the materials and methods.
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Scripts for detection of copy-number

alterations in whole genomes

QDNAseq for unpaired CNA detection

The script implements the CNA detection algorithm QDNAseq described by Scheinin
et al. (2014). The algorithm is found highly practical for WGS (Fig. 13.1) and sup-
ports parallel processing. However, it is not suited for retrieving statistically significant
change.

1

2 # Rscript qdnaseq.R [file.bam] 100

3

4 args = commandArgs(trailingOnly=TRUE)

5 case <- sub (".bam","",tail(strsplit(args[1], "/") [[1]],n=1))

6 opath <- "~/ Arcedi/output/RDratio_v2/qdnaseq /"

7

8 # LOAD LIBRARY

9 library(QDNAseq)

10

11 write(" Running qdnaseq ... may take some time", stdout ())

12

13 # USE PROVIDED BINSIZES IN KILOBASES AND LOAD BAM -FILE

14 bins <- getBinAnnotations(binSize=as.integer(args [2]))

15 readCounts <- binReadCounts(bins , args[1], pairedEnds=FALSE)

16 readCountsFiltered <- applyFilters(readCounts , residual=TRUE , blacklist=

TRUE)

17 readCountsFiltered <- estimateCorrection(readCountsFiltered)

18

19 readCountsFiltered <- applyFilters(readCountsFiltered , chromosomes=NA)
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20

21 copyNumbers <- correctBins(readCountsFiltered)

22 copyNumbersNormalized <- normalizeBins(copyNumbers)

23 copyNumbersSmooth <- smoothOutlierBins(copyNumbersNormalized)

24

25 # PLOT THE SMOOTHENED COVERAGE PLOT

26 jpeg(paste(opath ,case ,". smooth.jpg",sep=’’))

27 plot(copyNumbersSmooth)

28 dev.off()

29

30 # OUTPUT RESULTS FOR FURTHER ANALYSES IF NEEDED

31 exportBins(copyNumbersSmooth , paste(opath ,case ,". smooth.txt",sep =""))

32 exportBins(copyNumbersSmooth , paste(opath ,case ,". smooth.igv",sep =""),

format ="igv")

33 exportBins(copyNumbersSmooth , paste(opath ,case ,". smooth.bed",sep =""),

format ="bed")

34 copyNumbersSegmented <- segmentBins(copyNumbersSmooth , transformFun ="sqrt")

35 copyNumbersSegmented <- normalizeSegmentedBins(copyNumbersSegmented)

36

37 jpeg(paste(opath ,case ,". segmented.jpg",sep =""))

38 plot(copyNumbersSegmented)

39 dev.off()

40

41 # PLOT THE SMOOTHENED COPY NUMBERS

42 copyNumbersCalled <- callBins(copyNumbersSegmented)

43 jpeg(paste(opath ,case ,". CNVs.jpg",sep =""))

44 plot(copyNumbersCalled)

45 dev.off()

Developed R script (RDratio) for parallelized detection

of CNAs

The script implements some of the concepts presented in this thesis for fast statistical
and visual detection of CNAs. It is suited for both high and low coverage WGS and can
be run in parallel in a high-performance computing cluster.

1

2 # CREATE STATISTICS AND PLOTS FROM READ DEPTH RATIOS

3 # Marcus Hansen , 20/2-20, marcus.hoy.hansen@rsyd.dk

4 # Note that R must be installed: conda install -c conda -forge r-base

5 # Note that execution must be performed in batch or queue , e.g.: srun --mem

=16g --pty /bin/bash

6

95



Figure 13.1: Copy-number profile from whole-genome sequencing of saliva sam-
ple from healthy male donor using QDNAseq.

7

8 args = commandArgs(trailingOnly=TRUE)

9

10 case <- sub (".bed","",tail(strsplit(args[1], "/") [[1]],n=1))

11 control <- sub(".bed","",tail(strsplit(args[2], "/") [[1]],n=1))

12 resultpath ="~/ RDratio /"

13

14 # Define significance threshold and number of observations in each test

15

16 if (length(args)==3 || length(args)==4) {

17 n <- as.numeric(args [[3]])

18 } else {

19 n <- 100

20 }

21

22 if (length(args)==4) {

23 significancelevel <- as.numeric(args [[4]])

24 } else {

25 significancelevel <- 0.01

26 }

27

28

96



29 # Import case and control

30 a <- read.delim(paste(resultpath ,"BED/",args[1],sep =""),header=FALSE)

31 b <- read.delim(paste(resultpath ,"BED/",args[2],sep =""),header=FALSE)

32 c <- merge(a,b,by=4,sort = FALSE)

33

34

35 # Normalize and remove extreme outliers

36

37 c[,5] <-round(c[,5]/sum(c[, 5]) *10^( floor(log10(sum(c[, 5])))) ,0)

38 c[,9] <-round(c[,9]/sum(c[, 9]) *10^( floor(log10(sum(c[, 9])))) ,0)

39 c <- subset(c, c[,5] < (quantile(c[,5]) [[4]]+ IQR(c[,5])*3) & c[,9] < (

quantile(c[,9]) [[4]]+ IQR(c[,9])*3))

40 c <- subset(c, c[,5] > 100 | c[,9] > 100)

41 c[,5] <- runmed(c[,5],11)

42 c[,9] <- runmed(c[,9],11)

43

44 # Calculate ratio and log2 of noisefiltered ratio

45 c[,10] <-c[,5]/c[,9]

46 c[,10][is.na(c[,10])] <- 1

47 c[,11] <- round(log2(runmed(c[,10] ,99)),digits =3)

48

49 # Define variables before U test

50 d <- c[,5]

51 e <- c[,9]

52 bonferroni <- significancelevel/length(d)

53 info <- c[,1]

54 parr <-c()

55 txtoutput <-c()

56 chrf <- ""

57 chrposf <-c()

58 chrlist <-c("1", "2", "3", "4", "5", "6", "7", "8", "9", "10", "11", "12",

"13" ,"14" , "15", "16", "17", "18", "19", "20", "21", "22", "X", "Y")

59

60 for (u in 1: length(d)) {

61 if (c[u,2] != chrf) {

62 chrf = c[u,2]

63 chrposf <- append(chrposf , u)

64 }

65 }

66

67 chr <- ""

68 chrpos <-c()

69

70 # Perform U test and generate text output

71 for (i in 1:round(length(d)/n)) {
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72 if (c[i*n,2] != chr) {

73 chr = c[i*n,2]

74 chrpos <- append(chrpos , i)

75 }

76 pval <- wilcox.test(d[(i*n-n+1):(i*n)],e[(i*n-n+1):(i*n)])$p.value

77 ifelse(pval < bonferroni , sig <-" significant", sig <-"-")

78

79 parr <- append(parr , pval)

80 txtoutput <- append(txtoutput ,paste(info[i*n],c[i*n,1],c[i*n,0],c[i*n,2],c

[i*n,3],n,round(sum(d[(i*n-n+1):(i*n)])/sum(e[(i*n-n+1):(i*n)]),digits

=3),pval ,sig ,sep = "\t", collapse = NULL))

81 }

82

83 # Get system date and transform it:

84 date <- Sys.Date()

85 newdate <- strptime(as.character(date), "%Y-%m-%d")

86 newdate <- format(newdate , "%d-%m-%Y")

87

88 # Create dir and paths for statistics and plots:

89 dir.create(paste(resultpath ," statistics/Bins=",n,"_Sign=",significancelevel

,"_",newdate ,sep =""))

90 stat_path= paste(" statistics/Bins=",n," _Sign=",significancelevel ,"_",

newdate ,"/",sep ="")

91 dir.create(paste(resultpath ,"plots/Bins=",n,"_Sign=",significancelevel ,"_",

newdate ,sep =""))

92 plot_path= paste(" plots/Bins=",n,"_Sign=",significancelevel ,"_",newdate

,"/",sep ="")

93

94

95

96 # Save text output (no further noise reduction is performed to get higher

sensitivity)

97 fileConn <-file(paste(resultpath ,stat_path ,case ,"_VS_",control ,"_",n,"_",

significancelevel ," _statistics.txt",sep =""))

98 writeLines(txtoutput , fileConn)

99 close(fileConn)

100

101 # Generate plots (some noise reduction is performed on significance plot

for visual specificity)

102 parr[is.na(parr)] <- 1

103

104 jpeg(paste(resultpath ,plot_path ,case ,"_VS_",control ,"_",n,"_",

significancelevel , "_rplot.jpg",sep =""))

105 par(mfrow=c(2,1))
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106 plot(c[,11],ylim=c( -1.5 ,1.5), main=paste("case"," VS\n",control ,sep =""),

ylab = "Ratio", xlab = "Bin number", xaxt=’n’,pch = 9, cex = .1)

107 title=paste("U-test significance plot (bin size: ",toString(n) ," of 10Kb

each)\nAlpha level = ",toString(significancelevel) ,"\ nBonferroni

adjusted = ",toString(bonferroni) ,")",sep ="")

108 abline(v=chrposf , col=" gray92 ")

109 axis(1, at=chrposf , labels=chrlist)

110 print(title)

111 plot(runmed(log2(parr) ,11)*-1,type = "o", ylab = "p-value (red line:

adjusted alphalevel)", xlab = "Number of tests", xaxt=’n’,main=title ,

pch = 9, cex = .1)

112 axis(1, at=chrpos , labels=chrlist)

113 abline(h=log2(bonferroni)*-1, col="red")

114 abline(v=chrpos , col=" gray92 ")

115

116 dev.off()
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Summary

The first decade of capture-based targeted whole exome

sequencing (WES) has now passed, while the sequencing

modality continues to find more widespread usage in clinical

research laboratories and still offers an unprecedented diagnos-

tic assay in terms of throughput, informational content and

running costs. Until quite recently, WES has been out of reach

for many clinicians and molecular biologists, and it still poses

issues or is met with some reluctance with regards to cost versus

benefit in terms of effective assay costs, hands-on laboratory

work and data analysis bottlenecks. Although WES is used more

than ever, it may also be argued that the usage is peaking and

that new implementations, or relevance in its current state, will

likely be leveling off during the following decade as the price on

whole genome sequencing continues to drop. In this review, we

focus on the past decade of targeted whole exome sequencing in

malignant hematology. We thematically revisit some of the sig-

nificant discoveries and niches that use next-generation

sequencing, and we outline what and how WES has contributed

to the field – from clonal hematopoiesis of the aging bone mar-

row to profiling malignancies down to the single cell.

Keywords: whole exome sequencing, whole genome sequenc-

ing, targeted panel sequencing, next generation sequencing,

sequencing anniversary, laboratory hematology.

The human exome, which holds the protein coding informa-

tion, constitutes one to two percent of the total genome.

Errors in these regions of the genome are by far the largest

contributors to Mendelian diseases (Chong et al, 2015) and

acquired clonal diseases, such as cancer. Whole exome

sequencing (WES) has been instrumental in elucidating the

latter in the field of hematology and the complex landscapes

of hematological malignancies.

Illustrative paraphrasing, as exemplified above, frequently

finds usage in papers relating to WES but does not necessarily

capture the contributions and shortcomings of this ground-

breaking invention. Without much ado, the 10-year anniver-

sary of capture-based targeted exome sequencing is now

passing, while the technique continues to find more wide-

spread usage in clinical research laboratories and still offers

an unprecedented diagnostic assay in terms of throughput,

informational content and running costs. Until quite recently,

exome sequencing has been out of reach for many clinicians

and molecular biologists, and it still poses issues or is met

with some reluctance with regards to cost versus benefit in

terms of effective assay costs, hands-on laboratory work and

data analysis bottlenecks. In some situations, targeted panel

or amplicon sequencing is more suitable, e.g., in focused clin-

ical tests. Although WES is now used more than ever, it may

also be argued that this sequencing modality is peaking and

that new implementations, or usage in its current state, will

likely be leveling off during the next decade.

In fact, exomic sequencing was not initiated in 2009, but

several years earlier. Apart from the strategy of narrowing

whole genome sequencing analyses to the coding parts, one

interesting approach was the daunting design of PCR primers

targeting coding sequences of 18 191 genes in the study of

the mutational landscape of colorectal and breast cancers

(Wood et al, 2007). The jargon was further elaborated by

emphasizing that candidate cancer driver mutations do not

just appear as recurrent gene “mountains” but also as gene

“hills” that are large in number. The latter whimsically

described the long tail of low-frequent somatic mutations,

which is nicely exemplified by chronic lymphocytic leukemia

(CLL) in hematology. Looking back on the first decade of

whole genome sequencing, Vogelstein and fellow researchers

pondered the genomic landscapes of common cancers and

the lessons learned from these studies (Vogelstein et al,

2013), with an estimated price of more than $100,000 per

sequenced genome. First, the number of somatic mutations

is somewhat representative of the specific cancer type, which

is a notion still used today. Second, the number of mutations

increases with age. Third, the estimated number of canonical

mutated driver genes was at the time surprisingly small, with

125 defined based on the evaluation of more than three
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thousand tumors and a two orders of magnitude larger num-

ber of somatic mutations. Certainly, the “completion” of the

genome in 2003 marks an important reference point in the

early onset of the genomic revolution in cancer research.

Naturally, sequencing of the human genome was a massive

research undertaking that led to a public draft of the human

genome by the International Human Genome Sequencing

Consortium (Lander et al, 2001), made freely available in

2001 and finalized in 2003. In parallel, Venter et al published

their version of the genome (Venter et al, 2001) and esti-

mated that exons span 1!1% of the genome. One of the

major differences between these studies was the initial esti-

mation of the number of genes – an issue which remains

unsettled.

In hindsight, exome sequencing has been of tremendous

value, taught us much about the genome, and has shed light

on the pathobiology of a wide range of diseases, especially

cancers. The coding genome contains roughly twenty thou-

sand single-nucleotide variants (Choi et al, 2009; Ng et al,

2009). Not only is this an inherent feature of the human

genome, it is also a practical handle for quality assessment,

as too high or low a number of coding single-nucleotide

polymorphisms (SNPs) in a sample of a given population

indicates a problem with sequencing, library or DNA sample.

The typical or expected number of mutations of a specific

cancer type and age constitutes another example of such an

attribute. The number of mutations generally increases with

age, and the combinations of these mutations occur in a

nonrandom fashion (Welch et al, 2012). If the number of

coding variants corresponds to the number of genes (Choi

et al, 2009; Ng et al, 2009), then it is highly interesting that,

on average, one variant can be expected per gene, which is

also supported by data submitted in relation to exome

sequencing of colorectal cancer (Goryca et al, 2018). Further-

more, very few nonsense mutations are generally found by

sequencing (Choi et al, 2009).

While exome sequencing has taken a relatively long time

to find its way to the clinic, and for many laboratories, per-

haps it will never enter the diagnostic scene; in parallel, many

research studies have included massive undertakings of col-

lectively gathering of samples from thousands of individuals

(Genomes Project Consortioum et al, 2015). The Exome

Aggregation Consortium has managed to combine more than

sixty thousand exomes (Lek et al, 2016) from 22 projects,

with 1000 Genomes and The Cancer Genome Atlas included.

The hyperauthorships of the last two decades in life sciences

are indicators of the sheer size of such projects and the num-

ber of people involved. This brings around another conse-

quential phenomenon: the publication process of large

sequencing studies is extensive and calls for new publication

strategies, such as manuscript preprints, which has also been

the case for the Genome Aggregation Database. At the time

of writing, this holds the data for 125,748 exomes and 15,708

genomes from the same number of individuals (Karczewski

et al, 2019).

In this review, we focus on a decade of targeted WES in

the perspective of malignant hematology. We thematically

revisit some of the significant discoveries and niches that use

next-generation sequencing (NGS), and we briefly elucidate

what WES contributed to and how. As an example, it is now

realized that many mutations are shared between the lin-

eages, and some malignancies share both characteristics of

the myeloid and lymphoid phenotypes. Moreover, we will

touch on how evidence is gathered on the single-cell level in

a time when prices of whole genome sequencing push the

limits for what can be achieved in research and in the clinic.

WES and its use must thus be put into the context of partic-

ular research, clinical problems and other sequencing meth-

ods to fully appreciate its contribution (Fig 1).

Portraying the exome

Before delving further into the role sequencing has played in

elucidating derailed hematopoiesis, we will briefly focus on

more technical considerations in a historical context, which

is relevant when evaluating the sequencing studies. Most

often, WES is compared to whole genome sequencing

(WGS) and targeted panel or amplicon sequencing. It is also

compared to chain-terminating dideoxy sequencing, led by

Sanger (Sanger et al, 1977), which is still in use in clinical

laboratories after more than four decades. Only a few years

ago, results from next-generation sequencing were expected

to be positively confirmed by Sanger sequencing, which often

had a poorer sensitivity. Whole exome sequencing is the tar-

geted sequencing of short reads (Fig 2). These two attributes

are important, as they influence quality and possibilities in

research and clinically applied analyses – and they represent

both its strength and Achilles heel.

The coupling of exome capture arrays to Illumina’s

sequencing platform in 2009 marked the hot start of WES

(Choi et al, 2009). Armed with a protocol for microarray

hybridization followed by sequencing by synthesis on the lat-

est NGS offshoot (Genome Analyzer II, Illumina, San Diego,

CA, USA), Ng and colleagues at the University of Washing-

ton (Seattle, WA, USA) managed to capture and sufficiently

sequence approximately 26 megabases (Mb) of the coding

genome, based on twelve individuals (Ng et al, 2009). This

figure is assessed relative to the approximately 30 Mb size of

the exome, corresponding to approximately 1% of the

human genome. It was evaluated that the detection of SNPs

in the coding genome had equivalent sensitivity to that of

WGS (Ng et al, 2009). Not long after, the arrays were

replaced by in-solution capture of the coding genome (Bain-

bridge et al, 2010), showing reproducibility between technical

replicates and a library preparation protocol similar to the

ones currently used. The protocol was based on the Nim-

bleGen system (Roche, Basel, Switzerland). While not the

first paper describing the hybridization in solution instead of

a microarray, a previously performed study only targeted a

smaller fraction of the complete exome (Gnirke et al, 2009).
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In hematology, it soon became clear that even if the con-

trol-paired whole-genome resequencing of a cancer was feasi-

ble, in technical and economic terms, it was not necessarily

practical. Thus, the first implementations of NGS in hematol-

ogy can be characterized as pseudoexome sequencing. In

malignant hematology, the foremost usage of sequencing is to

detect somatic mutations, and to do so, the best conditions

are (i) evenly distributed reads throughout the regions of

interest, (ii) as high depth of coverage as possible of both the

malignant sample and the paired control sample, and (iii) as

low an error rate as possible to avoid false-positive mutations.

A random DNA library will, in theory, provide evenly dis-

tributed sequencing depth (Lander & Waterman, 1988). How-

ever, this is a coarse approximation in regard to exome

sequencing. Due to the exon target capture being based on

hybridization to oligonucleotide probes, the resulting reads

distribution for each exon will, at best, be bell-shaped, with

the highest number of reads in the center of the exon, leading

to differences in statistical power and downstream resolution.

The concern was, among other places, raised in PNAS in

2015 under the conclusive title that “Whole-genome sequencing

is more powerful than whole-exome sequencing for detecting

exome variants” (Belkadi et al, 2015). It also concluded that

WES is not reliable for the detection of copy number varia-

tion (CNV). Although such detection poses different chal-

lenges than relying on WGS, this is an oversimplification and

is influenced by several factors [see (Sathirapongsasuti et al,

2011; Fromer et al, 2012; Hansen et al, 2019) for examples].

While we will not go further into details on CNV detection, it

must be noted that the Broad Institute recently released a

stable pipeline and best practices documentation for germline

and somatic CNV calling (GATK 4.1, Broad Institute, Cam-

bridge, MA, USA). This pipeline relies on a provided panel of

normals, such as 40 exome sequenced samples without CNVs

to denoise the sample of interest.

Collectively, it is now commonly known that exome cap-

turing and PCR introduce bias (Parla et al, 2011; Braggio

et al, 2013; Meynert et al, 2014; Belkadi et al, 2015; Warr

et al, 2015). This affects one of the most important features

of WES, namely, variant allele frequencies. It is an important

point to raise, as sequencing projects often deduce clonal

architecture and burden from these data.

Implementations of exome sequencing in
hematology

Several themes in hematology can be identified from the last

decade, including recurrent mutations, molecular stratifica-

tion of diagnoses, premalignant lesions and age-related clonal

hematopoiesis, allelic burden and detection of residual dis-

ease, intrapatient heterogeneity, and demonstration of sub-

clonal mutations. Early signs of implementing sequencing of

the coding genome in the field of hematology, and the

wealth of information to come, became evident with the first

whole cancer genome sequencing of a patient suffering from

acute myeloid leukemia (AML) with a normal karyotype

(Ley et al, 2008). This study preceded the year when capture-

based exome sequencing entered the scene and was followed
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Fig 1. Timeline of postmillennial sequencing with selected milestones and curiosities. Whole exome sequencing only represents a fraction of the
developments and achievements in the genomic era. Notably, drafts of the human genome were published in 2001 accompanied by staggering
costs. The Genome Analyzer II (Illumina) entered the market in 2008, the same year the Genome Analyzer was used to sequence the first cancer
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have been left out due to space limitations.
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by another case of cytogenetically normal AML (Mardis et al,

2009). Here, the most important finding was that the initially

identified somatic mutation in IDH1, which substitutes argi-

nine at codon 132, could be observed in 16/188 additional

cases by amplicon sequencing. From a technical stance, the

correlation of sequenced variant allele frequencies, partly

from DNA and reverse-transcribed mRNA, was noteworthy.

The first sequencing of an AML patient already suggested

subclonal accumulations based on allele frequency, hereby

indicating that FLT3-ITD was acquired as a late mutation

(Ley et al, 2008). Many of the concepts used today have

existed since very early studies and have been further elabo-

rated and expanded.

The general adoption of NGS in hematology was perhaps

not quick to reach clinical laboratory diagnostics, but it was

certainly placed in an advantageous position for some of the

malignancies compared to other cancer forms. This is par-

tially because of the relative ease of sampling in leukemia

and leukemic phase lymphomas, established routine bone

marrow aspirations, etc. Furthermore, emergent research

involving NGS has rested on already established workflows

with regards to storage of DNA and RNA in biobanks, fre-

quent follow-up for remission, relapse evaluation and so on.

Clonal hematopoiesis of healthy and diseased
individuals

While hematological malignancies arise from clonal hemato-

poiesis, one may argue that the line between cancer and non-

cancerous proliferation has perhaps become even more

diffuse with the information gathered from NGS studies. A

recent study in the New England Journal of Medicine con-

cluded that mutations persisted in approximately half of the

investigated AML cohort (221/430) at complete remission

(Jongen-Lavrencic et al, 2018). The persistence of clonal

mutations may be attributed to residual disease as well as

caused by age-related clonal hematopoiesis (Genovese et al,

2014; Jaiswal et al, 2014). The latter is reinforced by the

observation that lingering mutations in DNMT3A, TET2 or

ASXL1 do not confer a higher rate of AML relapse. The cur-

rent definition of clonal hematopoiesis of indeterminate

potential (CHIP) is generally defined as more than 2% vari-

ant allele frequency (Steensma et al, 2015) of driver genes

[see reviews (Sano et al, 2018; Steensma, 2018)] – a very low

threshold for WES.

It is now known that CHIP is a common phenomenon in

elderly people, occurring in 10% above 65 years of age
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Fig 2. Generalized workflow of whole exome sequencing. The first step is obtaining DNA of sufficient quality (A), as this affects all downstream
analyses. Importantly, the results generated from formalin-fixed paraffin-embedded tissue, bulk DNA, sorted cells, etc., are not necessarily com-
patible with the aim. Library preparation (B) is also a crucial step, where different workflows of shearing, size selection, adapter ligation and cap-
ture will affect the final result. PCR amplification is used to enrich targeted DNA before sequencing (C). The researcher must be aware of the
potential bias introduced by amplification and be able to handle this. Furthermore, they must know that no two downstream algorithms will out-
put the exact same sets of variants or even copy number variations.
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without any manifestations of a blood disorder (Genovese

et al, 2014). To avoid bias from false-positive variants arising

from technical errors and germline variants, the putative

somatic mutations in the mentioned study were selected

from an intermediate allele fraction. The three most frequent

and apparently mutated genes were DNMT3A, ASXL1 and

TET2, which are most frequently seen in myeloid malignan-

cies. Interestingly, Jaiswal et al performed low allele fre-

quency screening of 17,182 exomes without paired normal

controls (Jaiswal et al, 2014) but instead used a panel of con-

trols and a focused cancer variant list from the COSMIC

database. From a technical point of view, false-positives are

expected to occur in a substantial proportion of the variant

calls when approaching a lower variant allele frequency

[VAF, threshold defined as 3!5% for single-nucleotide vari-

ants (Jaiswal et al, 2014)] – an indisputable problem in WES.

Back then, the applied somatic caller, MuTect, only pro-

cessed single-nucleotide variants, so small indels had to be

detected by other means. The third study, published the

same year, had a similar approach (Xie et al, 2014) based on

malignant and matched controls from The Cancer Genome

Atlas but divided the VAFs into two categories; 2–10% and

one above 10%, calling the mutational analysis unbiased due

to high coverage. However, evidence was gathered to show

that WES is not unbiased (Parla et al, 2011; Meynert et al,

2013; Meynert et al, 2014; Warr et al, 2015). Although push-

ing exome sequencing to its extremes is challenging, bioin-

formatically, the lesson learned in 2014 was clear: clonal

hematopoiesis is indisputably linked to the aging genome –
whether confounding or directly caused by underlying patho-

logical conditions – and confers an increased risk of develop-

ing a hematological malignancy of approximately 1% per

year (Genovese et al, 2014; Jaiswal et al, 2014). The number

of included whole exome sequenced samples in these studies

was unprecedented in the field of hematology, with the col-

lective effort drawing data from more than thirty thousand

screenings.

WGS, WES and targeted panel sequencing have played a

large role in elucidating noncancerous clonal hematopoiesis –
a phenomenon known long before NGS entered the laborato-

ries and occurring in both lymphoid and myeloid lineages.

The continuum of benign clonal expansions to the evolution

of a malignant phenotype by accumulating genomic aberra-

tions was readily comprehensible from clinicians’ point of

view; a direct genomic association between monoclonal B cell

lymphocytosis preceding CLL or monoclonal gammopathy

preceding multiple myeloma, etc., became clear. It seems fair

to say that no other malignancy in the genomic age has

taught hematologists more about cancer heterogeneity, and

the longitudinal increment of lesions behind clonal evolution

leading a frank malignancy, than CLL. We refer to the recent

and thorough review by Crassini et al on the molecular

pathogenesis of CLL (Crassini et al, 2019). This paper also

ponders on an important prognosticator where WES falls

short, namely immunoglobulin gene rearrangement.

Mapping susceptibility towards clonal
lymphoproliferative and myeloproliferative
disorders

Although it is impossible to cover all the nooks and crannies of

exome sequencing and malignant hematology during the last

decade, one research area on the borderline of malignant and

benign leukocytosis deserves to be mentioned: the genetic pre-

disposition towards leukemia. The same year as the first publi-

cations on exome sequencing entered the stage, a short paper

entitled “Familial Chronic Lymphocytic Leukemia: What Does it

Mean to Me?” aimed to raise awareness of the genetic suscepti-

bility and to guide practitioners (Slager & Kay, 2009).

Although overall low, familial CLL and the risk of developing

lymphoproliferative diseases had been known for many years

(Houlston et al, 2003), but the genetic etiology was yet

unknown. As a concurrent study had just disproved the associ-

ation between a suspected polymorphic variant in CXCR4

(Crowther-Swanepoel et al, 2009) based on large-scale Sanger

sequencing, the problem was posed for genome-wide associa-

tion studies (GWAS). Nevertheless, the first GWAS utilized

arrays and not NGS. Several impressive studies were con-

ducted, which identified risk loci for CLL, such as in BCL2.

One interesting finding was that several of the variants were

common in the population and were thus detectable by SNP

arrays (Crowther-Swanepoel et al, 2010; Slager et al, 2012;

Berndt et al, 2013). In addition, some of the loci were outside

coding regions and, thus, not suited for exome screening. In

contrast, the role of mutated POT1 as a frequent contributor

in the development of CLL was initially discovered by WES

(Quesada et al, 2011; Ramsay et al, 2013) and shortly thereafter

extended to also hold a susceptibility locus by GWAS (Speedy

et al, 2014). Because more recent studies focus on somatic vari-

ants, the initial genotyping of cases in relation to heritable risk

has been extremely important in the struggle to understand the

complex leukemogenesis of CLL seen from single cases [as

exemplified by Hansen et al (2015)]. As with CLL, multiple

myeloma is characterized by a preceding monoclonal lympho-

proliferative disorder, and for this entity, there are now indica-

tions of an inherited risk of developing myeloma through the

analyses of germline WES data and possibly disease-causing

alleles (Scales et al, 2017). Not only have lymphoproliferative

disorders been significant in mapping familial cases (Goldin

et al, 2013), but familial myeloproliferative neoplasms and

AML have also received attention in the last decade. Myelopro-

liferative neoplasms are genomically complex and extend

beyond JAK2, MPL and CALR mutations. Because outlining

hereditary predispositions becomes a lengthy treatise, we refer

to the previous publication in this journal on this specific topic

(Rumi & Cazzola, 2017). More generally, we refer to Houlston

et al for the extensive work on familial cases and predisposition

towards hematological malignancies.

CEBPA is a frequently mutated gene in AML but is also

known to be one of the genes implicated in familial cases

(Smith et al, 2004; Pabst et al, 2008). One caveat on this
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driver pertains to the challenges in targeted sequencing (Yan

et al, 2016), partly owing to its high guanine-cytosine con-

tent, which may be problematic in PCR amplification (Man-

nelli et al, 2017); therefore, the findings often requires

confirmation by other modalities until the sequencing quality

is adequate, as exemplified by Tawana et al (2015). One

important lesson from the past ten years is that not all genes

are covered equally well or unbiasedly in WES due to cap-

ture, amplification or sequence homology. Examples of the

latter are members of the Tet methylcytosine dioxygenase

family, e.g., TET2, or the most notable members of the Ras

GTPases, NRAS, KRAS and HRAS. Other important lessons

from WES studies have involved Down syndrome and the

predisposition towards both myeloid and lymphoid malig-

nancies (Nikolaev et al, 2013; Yoshida et al, 2013; Schwartz-

man et al, 2017; Vesely et al, 2017).

Sequencing branched into the myeloid lineage

Few cancer forms have received the same amount of atten-

tion as acute myeloid leukemia. Not only have recurrent

mutations in the initiation of leukemogenesis been elucidated

extensively but so have premalignant genomic lesions (Welch

et al, 2012), which now receive attention in the form of per-

sistent mutations in patients in remission, as demonstrated

by targeted sequencing.

Going back to the beginning of next-generation coding

sequencing in hematology, the focus on coding variants was

reasonable, as these variants were already picked as the top

tier when evaluating somatic mutations (Mardis et al, 2009),

even when whole genome sequencing was performed. NGS

already had a steady hold in hematology by the time the first

exome sequencing studies began to appear. This is perhaps

best exemplified by Mardis et al, who sequenced almost the

complete genome of a patient suffering from AML with min-

imal maturation and succeeded in showing that the muta-

tions found also occurred recurrently in a cohort of no fewer

than 188 patients. One such mutation was in the IDH1 gene,

ubiquitously found in myeloid malignancies, along with pre-

viously identified mutations in NRAS and NPM1. This

spurred the hunt for new aberrations by other groups and

their mutational frequency in AML. The restriction of down-

stream analyses to coding regions was also the elaborate

strategy used the previous year, in 2008, when the first whole

cancer genome was sequenced (Ley et al, 2008).

Collectively, sequencing of AML has been an excellent

example of a joint scientific effort. The new possibilities aris-

ing from sequencing led to bursts of activity in characterizing

new genes involved in leukemogenesis across multiple diag-

noses, such as SRSF2 or SF3B1 (Yoshida et al, 2011; Meggen-

dorfer et al, 2012). Shortly after proving the involvement of

SF3B1 in myelodysplastic syndromes (MDS) with increased

ring sideroblasts (Yoshida et al, 2011), it was shown to con-

fer reduced cytopenia and a good prognosis in MDS

(Papaemmanuil et al, 2011). It was also found to be

recurrent in CLL as well but was, in contrast, associated with

poor overall survival (Quesada et al, 2011).

The blood-forming stem cells in the bone marrow accu-

mulate genomic lesions, leading to senescence or even can-

cer. As these cells proliferate to replenish the different cell

types constituting the blood and immune system, with an

estimated frequency of once every 25–50 weeks (Catlin

et al, 2011), the early mutations propagate along the matu-

ration of the lineages. The fact that the hematopoietic stem

cells (HSCs) of the bone marrow display an increasing

number of somatic mutations as a result of aging is now

indisputable. Equipped with exomes of hematopoietic stem/

progenitor cells from individuals in different age groups,

Welch and colleagues were able to assess the underlying

kinetics with a mutation rate of 0!13 coding mutations per

year (Welch et al, 2012) – sensible in the view of the fol-

lowing massive sequencing studies and a practical mental

cue for the observed median number of 13 coding muta-

tions in de novo AML (Cancer Genome Atlas Research

Network et al, 2013).

The emerging use of exome sequencing could have fore-

casted the demise of panel sequencing. This, however, was

not the case, and indeed, one may argue that recent years

have not set the stage for WES but that of targeted sequenc-

ing of driver genes in myeloid or lymphoid malignancies.

Much work has focused on fortifying the earlier results and

elucidating low-frequency variants in residual disease. While

the number of driver genes directly involved in the leukemo-

genesis is relatively small and is thus a comprehensible cata-

logue for the persistent hematologist, the possible

combinations – including positions and types of aberrations

– are staggering (Cancer Genome Atlas Research Network

et al, 2013; Papaemmanuil et al, 2016). It is now known that

such signatures identify molecular subgroups. Some muta-

tions are found to be narrowly defined hotspots, such as in

IDH1 or IDH2, while others are scattered over a large area,

such as TET2 mutations. The latter observation justifying the

wish for comprehensive sequencing as predefined panels will

only cover a fraction of the need. After a period hallmarked

by productivity but before WES became mainstream, many

researchers and clinical laboratories turned to panel sequenc-

ing. The seemingly little new knowledge to be gained by

exome sequencing and the difficulties in comprehending the

broad data output for the clinicians emphasized the useful-

ness of offering panel sequencing for diagnostic purposes

(Roug et al, 2014). The focused panels enabled much deeper

sequencing, and the overlapping genomic aberrations across

disease entities in the lymphoid or myeloid lineages and pre-

vious studies made it possible to characterize the genomic

profiles and classify patients into molecular or prognostic

subgroups, as has been done for MDS (Haferlach et al,

2014). In this particular study, investigating the landscape of

lesions in 944 patients with a panel of 104 genes, a whole

exome approach would have provided poor subclonal resolu-

tion and may not have provided much more information for
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the specific task based on preexisting extensively character-

ized drivers (Papaemmanuil et al, 2013).

Even though NGS was thought to clarify the molecular

characterization, making it easier to classify the different

diagnoses within malignant hematology, which to some

extent it has, this not turned out to be a straightforward task.

Consequently, heterogeneity or clonal heterogeneity has been

one of the buzzwords of the last decade. Even a readily iden-

tifiable form of leukemia, such as acute promyelocytic leuke-

mia (APL), presented itself as a heterogeneous disease

(Ibanez et al, 2016). Not only has WES differentiated

patient-specific sets of mutations with known alterations

from other leukemias or lymphomas, but microRNA is also

altered in APL (Cancer Genome Atlas Research Network

et al, 2013). Therefore, exome sequencing only refers to a

small part of the aberrant genome in holistic characterization

of the hematological neoplasm. This has been unquestionably

notable in the lymphoid diseases, which are marked by a

high degree of molecular heterogeneity.

Some major contributions in genomic profiling
of the lymphoid malignancies

While the first cancer genome sequenced was from a case of

AML and the myeloid neoplasms have received much atten-

tion in the last decade, no lymphoma has undergone the

same scrutiny as the diffuse large B cell lymphomas (DLBCL,

Fig 3). Although several recurrent mutations were known

before the advent of exome sequencing, its genomically

heterogeneous nature has required large analysis cohorts,

such as those in the recent paper published in the New Eng-

land Journal of Medicine last year, where mutational and

expressional profiles were coupled to identify the subgroups

and differentiation of DLBCL (Schmitz et al, 2018). When

considering the expected number of somatic mutations in

DLBCL, which is somewhat higher than in AML and other

hematological malignancies (Lohr et al, 2012; Zhang et al,

2013; Lawrence et al, 2014; Tokheim et al, 2016), it is a suit-

able candidate for machine learning techniques in computer-

aided profiling and diagnostics. In contrast, the powerful

approach by Reddy et al, portraying the landscape of DLBCL

in a cohort 1,001 patients by WES and RNAseq with func-

tional genomics (Reddy et al, 2017), showed just close to 8

mutations per case and 150 putative driver genes, collectively.

Interestingly, the paper also concluded that CRISPR-Cas9

knockout of several therapeutically targetable genes, such as

NOTCH2, did not alter the growth of DLBCL. This may

indicate that driver redundancy makes precision medicine a

tricky endeavor in some cases. Another quite recent study

also showed that the mutational profiles from NGS can be

implemented as a predictor for subtype classification (Sch-

mitz et al, 2018). The clear advantage of such an approach is

that such mutational predictors used in clinical settings may

be less sensitive to fluctuations in expression patterns due to

sample processing, laboratory batch effects and

computational analyses between laboratories when compared

to RNA expression profiles. More rare lymphomas, such as

mantle cell lymphoma, show that there is still a need for sys-

tematic molecular characterization, where NGS will continue

to play a major role.

Multiple myeloma (MM), which is caused by cancerous

mature plasma cells, is a very heterogeneous disease. Part of

this heterogeneity may be directly attributed to differences in

sampling (Sanoja-Flores et al, 2018) and cellular impurities.

Thus, the malignant cells or plasma cells with monoclonal

gammopathy of undetermined significance must be consis-

tently positively selected, e.g., CD138+, from peripheral

blood (Lohr et al, 2016) or bone marrow. While it is

acknowledged that a large part of the driving somatic alter-

ations either occurs in or directly involves the coding regions

of the genome, it is also generally accepted that sequencing

focusing on these parts can only reveal the molecular onco-

genesis to a limited extent. This realization is emphasized by

the first large-scale study based on WGS and WES, which

identified 35 nonsynonymous somatic point mutations on

average, which is in stark contrast to the estimated number

of genome-wide mutations of in the thousands (Chapman

et al, 2011). Multiple myeloma is noted to be the second

most common hematological cancer form in adults relative

to Non-Hodgkin’s lymphoma as a single entity; thus, it is

important to elucidate the aberrant molecular pathways of

this plasma cell disease. Apart from the conclusion that the

underlying mutational patterns of myeloma harboring t(4;14)

and t(11;14) are distinct (Walker et al, 2012), a previous

study also shed light on the clonal diversity and kinetics

based on the results of exome sequencing and single-cell

genotyping. Importantly, the variant allele frequencies of

WES were in striking agreement with the fractions observed

from the single cell, where the ATM kinase was mutated in

all three subclones, probably indicating an early step in onco-

genesis. Multiple myeloma displays few highly recurrent

genes (Bolli et al, 2014), such as KRAS, NRAS and BRAF, in

one-third of the patients, and mutations in these genes are

considered to be mutually exclusive (Walker et al, 2012).

Notably, some discrepancies between exome and whole gen-

ome data were identified in the aforementioned study.

WES has not only provided a tool for performing large

scale screening, but it has also often played an indirect role

in the insight into the genomic landmarks of individual

hematological neoplastic entities. One such example is a

diagnostically robust marker, the BRAF mutation (p.V600E),

which is known from other cancer forms such as melanoma.

A single case of hairy cell leukemia (HCL) sequenced along

with paired mononuclear control cells was enough to initiate

the investigation of mutational frequencies in HCL. This was

also a time when NGS was validated by Sanger sequencing;

thus, the findings were confirmed and fortified by the addi-

tional observation in 46/46 other HCL patients (Tiacci et al,

2011). Exome sequencing has also had a tremendous impact

on the molecular understanding of acute lymphoblastic
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leukemia (ALL), which is difficult to capture in a brief

review. The recurrent mutations of both B- and T-cell ALL

bear markers, which otherwise are indicative of a myeloid

disorder (Zhang et al, 2012; Ding et al, 2017; Liu et al,

2017), such as FLT3, along with classical lymphocytic path-

way members. It is suggested that FLT3 mutations point to

an immature pluripotent prothymocyte and that such

patients with stem cell-like leukemia may benefit from tyro-

sine kinase inhibitors (Neumann et al, 2013a), which may

improve their prognosis (Zhang et al, 2012).

The degree of complexity has definitely not been reduced

with the screening of genomes and exomes. However, while

the myeloid and lymphoid branches have been clearly

divided in the classical model of hematopoiesis and perme-

ated the clinical view, it is now recognized that certain

lesions in immature cells with some degree of pluripotency

are capable of giving rise to mixed lineages, biphenotypic

leukemias or malignancies stuck in early precursor differenti-

ation. Early T-cell precursor acute lymphoblastic leukemia

(ETP-ALL) is a molecular manifestation of such a potential.

If one gene were to capture the ambiguous nature of the

neoplasms derived from B- and T-lineage lymphoid precur-

sors, the Ikaros transcription factor IKZF1 is a strong candi-

date for such a gene, as it is a master regulator of lymphocyte

differentiation. Although primarily recognized for its role in

B-ALL (Marke et al, 2018), growing evidence supports that

IKZF1 plays a cardinal role in ETP-ALL (Zhang et al, 2012;

Hansen et al, 2018). Additionally, germline variants have

been investigated in the predisposition of developing child-

hood acute lymphoblastic leukemia (Churchman et al, 2018).

Other mutational markers of ETP-ALL have clear-cut

overlaps with the myeloid leukemias, such as DNMT3A

(Neumann et al, 2013b), FLT3 or mutations in the JAK-

STAT pathway.

One latecomer in sequencing is classical Hodgkin’s lym-

phoma (cHL) (Rotunno et al, 2016; Mata et al, 2017). The

molecular pathogenesis is still not fully charted, which may

partially have been influenced by improved prognosis. This

may have also been affected by the historical ease of diagno-

sis from the view of a hematopathologist: those which are

Hodgkin’s, and the others which are not – a classification dif-

ferent from that used in genomics. One specific challenge in

genomic characterization of cHL is the small fraction of

malignant cells in the bulk tumor mass. Because WES is not

directly geared for detection of 1% malignant cells, the

methodology calls for cell sorting. By using an optimized

exome library preparation Reichel et al could perform

sequencing on 10 nanograms of Hodgkin and Reed-Sternberg

cell DNA and thereby obviate the need for whole genome

amplification (Reichel et al, 2015).

Profiling rare subclones and low-frequency
malignant cells down to the single-cell level

One of the advances of the last decade has been single-cell

analysis, which is – at least in theory – well-suited for the

characterization of stem cells. It was realized that using WES

for the identification of mutational fingerprints was an excel-

lent base for the development of techniques with a high

enough resolution for the evaluation of low burden malig-

nancy, such as the quantification of minimal or measurable

residual diseases in patients with clinical remission. While
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Fig 3. The number of published papers in the PubMed database covering the selected MeSH Term subjects and containing the term exome
sequencing (May 2019). The graph shows the relative abundance and thus focuses on a given hematological malignancy. The first occurrence in
the database is shown in parentheses. For comparison, capture-based exome sequencing was published in 2009, and the first cancer genome paper
was published in 2008.

Review

374 ª 2019 British Society for Haematology and John Wiley & Sons Ltd
British Journal of Haematology, 2020, 188, 367–382

123



WES is suited for the identification of mutation in driver

genes, once identified, focused deep sequencing in combina-

tion with cell sorting may be implemented to pinpoint rare

malignant cells (Malmberg et al, 2017). Despite major efforts,

few concepts in hematology are as pervasive and yet so

vaguely defined as the hematopoietic stem cell. However, the

very concept of stemness is extended to the self-renewal and

differentiation capacities of the leukemias (Jordan, 2007).

Thus, the single-cell analyses fit the proposal that the transi-

tion of the HSC to frank leukemia is defined by preleukemic

lesions of the stem cell. An accumulation of somatic muta-

tions and clonal progression of de novo AML were analyzed

even before the genomic landscape of such cases was mapped

(Jan et al, 2012). Exome sequencing became highly relevant

in the search for single leukemic cells, as the genomes of

these malignant cells, which, in contrast to normal cells, are

capable of self-renewal, are marked by lesions that are often

in the coding regions of the genome (Jan et al, 2012). The

subject is only briefly touched upon, as these efforts more

often belong to transcriptome sequencing (Yashiro et al,

2009; Lai et al, 2018), which has also been utilized in profil-

ing clonal architecture in childhood ALL by single-cell

sequencing (SCS) (Gawad et al, 2014).

Foremost, the sequencing studies have been used to delin-

eate the occurrence, prevalence and successions of genomic

lesions in hematological malignancies in the context of mye-

loid and lymphoid lineages. Together with the maturation of

single-cell analyses, it has, in principle, become possible to

characterize the shared hematopoietic stem cell (Baron et al,

2018) by parallel sequencing, thereby coming closer to por-

traying the immature cells and early progenitors. Neverthe-

less, researchers in the field of hematology have been puzzled

by the many occurrences of concurrent or successive myeloid

and lymphoid malignancies, which otherwise have been

marked by a wide cleft between the lineages in earlier

research. To a large extent, this has been driven by sequenc-

ing technologies developed in the last two decades, whereas

the usage of targeted exome sequencing is confined to the

last 10 years.

Next-generation sequencing has helped define and shape

the field of single-cell research, and some of the most impor-

tant publications using SCS have focused on specific prob-

lems in hematology. As early as 2012, a study identified

mutations in both leukemic cells and preleukemic

hematopoietic stem cells based on the results from an initial

exome screening of sorted cells and paired CD3+ control

(Jan et al, 2012). Instead of whole genome amplification,

which is largely the current method in SCS, the cells were

sorted into plates with subsequent culturing and genotyping.

By the time the first report on whole AML genome sequenc-

ing was published, another paper on advances and patents in

NGS briefly stressed the importance of developing single-cell

sequencing technologies and described the potential amplifi-

cation of a whole genome by multiple displacement amplifi-

cation (Lin et al, 2008). The low signal-to-noise and allelic

drop-outs still pose a challenge in SCS studies (Gawad et al,

2016; Alves & Posada, 2018; Simonsen et al, 2018), and cap-

ture-based targeted sequencing may suffer even more than

whole genome or RNA sequencing due to its additional steps

in sample processing. As single-cell sequencing evidently has

several issues to tackle, such as biased capture, partial or

complete drop out of targeted regions, and base substitu-

tions, transcriptome sequencing has become a popular alter-

native. Whereas transfer of information from the two copies

of DNA in a single cell is a delicate process, sequencing a

wealth of transcripts is statistically attractive.

Whereas a large number of patients were included in some

of the first WES studies, the current studies may also focus

on a few individuals with a large throughput of single cells

with state-of-the-art microfluidics (Pellegrino et al, 2018) or

sorting with subsequent whole-genome amplification (Walter

et al, 2018).

Discussion

Next-generation sequencing has helped cancer researchers to

understand how clones evolve and that subclones often exist

side by side. Solid tumors are found at the most extreme

end, with intratumoral heterogeneity reflected by different

sets of spatially confined somatic mutations (Gerlinger et al,

2012). In the timespan between the 2008 and the 2016 World

Health Organization (WHO) classification of hematopoietic

and lymphoid tumors, a riveting transition took place: the

field of hematology entered the genomic era.

Whole exome sequencing, as a technology, has con-

tributed immensely to the field of hematology in the last

10 years, and many of the pivotal findings were presented

within the first five years of its existence. These concepts

matured in the following years, and themes changed to

highly specific niches, such as single-cell sequencing, the

field of clonal hematopoiesis of indeterminate potential and

detection of minimal residual disease, to mention a few.

However, it is highly plausible that WGS will gradually, and

perhaps completely, replace WES during the next decade.

This is already occurring, and there are several factors influ-

encing this development. First, it may be argued that exome

sequencing is not inexpensive. In addition to proprietary

kits, the protocols require additional manual labor.

Although the costs involved in capture-based exome

sequencing have also decreased in recent years, WGS has

gained the largest advantage. In 2008, the details of the

genome of James D. Watson, co-discoverer of the DNA

double helix structure, were published (Wheeler et al,

2008). Sequenced the previous year and completed in two

months, the estimated price was less than $1 million – a

price tag that has since decreased a hundred- to a thou-

sand-fold. Effectively, WGS is catching up to its smaller

cousin, now that the $1,000 genome with 30x coverage is

readily available. Second, technical bias is introduced

through exon capture and target amplification by
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polymerase chain reaction (PCR), which is also an issue

with panel sequencing, but not in WGS protocols. Simply

increasing the sequencing depth for a sample, which is

highly feasible with the current low cost per sequenced

base, does not alone alleviate the problems of false-positive

variant detection. As sequencing offers a tool for the detec-

tion of low-frequency subclones or measurable residual dis-

ease detection and characterization in otherwise complete

remission, reducing technical bias, sample cross-talk or

noise is highly relevant for its clinical applicability. Adding

unique molecular identifiers (UMIs) to the DNA library will

help to determine and map the extent of PCR bias in a

sequenced sample (Best et al, 2015; MacConaill et al, 2018),

but this extension is still not commonly adopted in library

preparation or downstream bioinformatics. As UMIs have

been used and studied extensively in RNA and single-cell

sequencing (Sena et al, 2018), this will likely become main-

stream in cancer diagnostics for increased precision in tar-

geted and whole genome sequencing. The general consensus

that whole genome sequencing is superior to exome

sequencing in terms of quality is currently forming (Wang

et al, 2017), but WGS still suffers from a shallow sequenc-

ing depth, which is typically one-third that of WES or even

lower. In comparison, a site-specific depth of panel or

amplicon sequencing may be two to three orders of magni-

tude higher, and consequently, observations of a few hun-

dred are often discarded to minimize false-positive variant

calls arising from PCR, among other considerations.

While depth of coverage is used as a quality measure of

WES it does not capture the variability of sequencing reads

along the exome, which may be detrimental for clinical test-

ing. Reporting that a certain proportion of the bases, e.g.

90%, reach the specified threshold is useless if relevant onco-

genes, such as CEBPA, only attain sporadic coverage at criti-

cal sites owing to a high GC percentage (Kong et al, 2018;

Roy et al, 2018), poor primer design etc. Currently, several

library preparation kits exist, such as SureSelect Clinical

Research Exome (Agilent, Santa Clara, CA, USA) or SeqCap

EZ MedExome (Roche, Basel, Switzerland), which combines

the genomic breadth of WES with a higher depth of coverage

in medical relevant regions. These extensions to classical tar-

geted WES may thus provide higher resolution in somatic

variant calling, copy gains, deletions, and other structural

variants when needed.

An argument against the adoption of WGS is the quantity

of data being generated and its bioinformatics challenges. In

addition, in many cases, the tumor DNA and the germline

DNA of the patient are both sequenced for a better bioinfor-

matics workup. However, this strategy may change due to

improved pipelines and databases for unpaired samples. One

suggestion to circumvent such bottlenecks of data handling

is the WGS postsequencing retrieval of coding regions for

initial analysis. As the performance of a vendor’s exome kit

can only be guaranteed in targeted regions, some exclusion

of off-target reads is already performed by the sequencing

centers or bioinformaticians. In some aspects, RNA tran-

scriptome sequencing also offers a direct alternative to WES,

as (i) it covers the coding regions, (ii) it is feasible for the

detection of somatic mutations, (iii) RNA sequencing pro-

vides additional information from the transcriptional profile

of the malignancy, and (iv) the workflow is simple and

requires a small amount of input material. However, the

additional information provided by DNA sequencing, such as

CNVs and allele frequency distributions, is partly or com-

pletely lost.

Short-read sequencing has been a huge market, but this

may change, as several opportunities arise from long-read

sequencing, such as identifying chromosomal translocations

and chromosomal phasing of variants. In addition, short

reads give rise to problems with sequencing of repetitive

stretches of DNA and structural variants, and generally fail

in detecting breakpoints of chromosomal translocations. In

the next decade, we will probably experience a revival of

long-read sequencing in the form of 3rd generation sequenc-

ing such as that provided by Oxford Nanopore Technologies

(Oxford, UK).

Concluding remarks

The replacement of WES by sequencing of the full genome

seems inevitable. This “return” to whole genome sequencing

represents a full circle, with sequencing of the first cancer

genome as the starting point of the exome sequencing revo-

lution, and its early signs of senescence a decade after the

first WES studies. The adept usage of WES and WGS to

chart oncogenic drivers led to the adoption of figurative jar-

gon, describing the landscapes of malignancies and capturing

researchers’ perception of new possibilities and its returns.

Undoubtedly, WGS will steadily be implemented in routine

diagnostics in the next decade.
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Mantle cell lymphoma (MCL) is a tumor with a poor prognosis. A few studies have examined
the molecular landscape by next-generation sequencing and provided valuable insights into
recurrent lesions driving this heterogeneous cancer. However, none has attempted to cross-link
the individual genomic and transcriptomic profiles in sorted MCL cells to perform individual
molecular characterizations of the lymphomas. Such approaches are relevant as MCL is heter-
ogenous by nature, and thorough molecular diagnostics may potentially benefit the patient
with more focused treatment options. In the work described here, we used sorted lymphoma
cells from four patients at diagnosis and relapse by intersecting the coding DNA and mRNA.
Even though only a few patients were included, this method enabled us to pinpoint a specific
set of expressed somatic mutations, to present an overall expression profile different from the
normal B cell counterparts, and to track molecular aberrations from diagnosis to relapse.
Changes in single-nucleotide coding variants, subtle clonal changes in large-copy-number alter-
ations, subclonal involvement, and changes in expression levels in the clinical course provided
detailed information on each of the individual malignancies. In addition to mutations in known
genes (e.g., TP53, CCND1, NOTCH1, ATM), we identified others, not linked to MCL, such as a
nonsense mutation in SPEN and an MYD88 missense mutation in one patient, which along
with copy number alterations exhibited a molecular resemblance to splenic marginal zone lym-
phoma. The detailed exonic and transcriptomic portraits of the individual MCL patients
obtained by the methodology presented here could help in diagnostics, surveillance, and poten-
tially more precise usage of therapeutic drugs by efficient screening of biomarkers. © 2020
Published by Elsevier Inc. on behalf of ISEH – Society for Hematology and Stem Cells.

Mantle cell lymphoma (MCL) is a B cell non-Hodgkin
lymphoma in which translocation t(11;14)(q13;q32),
transposing the cell cycle regulator cyclin D1 (CCND1)
(11q13) to transcriptional control of the immunoglobu-
lin heavy chain (IGH) locus (14q32), is considered to

be the primary oncogenic event [1]. This driver translo-
cation leads to the constitutive overexpression of
CCND1 and cell cycle deregulation [2]. Yet, patients
lacking the CCND1 signature, but with CCND2 overex-
pression, have been identified in several studies [3,4],
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and likewise, patients with constitutive CCND3 expres-
sion have been recognized [5]. In addition to the chro-
mosomal rearrangement of the cyclin D locus, other
aberrations, including mutations in the genes TP53 and
ATM, have been found to be highly involved in the
development of the malignancy [6]. However, these
aberrations or recurrent combinations only occur in a
subset of the patients, and thus large sequencing-based
association studies cannot portray the complete oncobi-
ology underlying the lymphomas.

Two major subgroups of MCL are currently acknowl-
edged with distinct prognoses: (1) the classic nodal MCL
with expression of the transcription factor SOX11 and
absence of somatic hypermutated, or minimally mutated,
immunoglobulin V genes (IGHV); and (2) the nonnodal
MCL subtype without SOX11 expression and mutated
IGHV, with the latter having the superior prognosis [7]. In
both cases, the survival of MCL patients is overall poor,
especially for patients resistant to frontline drugs. Despite
the frequent remissions observed in patients, relapses often
occur with disseminated lymphoma, high proliferation index,
and refractoriness to treatment [7,8]. This clinical and
molecular heterogeneity of MCL impedes the discovery of
prognostic markers or drug targets by means of association
studies, and the observed diversity calls for precision geno-
mics. Many of the next-generation sequencing studies in
other areas of hematology have included large cohorts [9
−13] and have been instrumental in identifying driver muta-
tions involved in oncogenesis and progression. Despite this,
it is now clear that the different somatic lesions, that is,
somatic mutations and copy number alterations, exhibit
highly complex combinations even in more homogeneous
malignancies. Although a few studies using exome or RNA
sequencing have shed some light on molecular constituents
of MCL [9,10,14−16], for example, by identifying recurrent
mutations such as in NOTCH1, these are often found in a
small fraction of the patients, underpinning the heterogeneity
and emphasizing the need for biological characterization of
the individual tumor and its clonal progression. Striving for
potential treatment targets, there is an urgent need to charac-
terize the striking diversity in MCL, not alone to gain more
precise molecular handles for differential diagnosis of often
highly similar B cell malignancies as chronic lymphocytic
leukemia, MCL, and splenic marginal zone lymphoma
(SMZL). We are now in a position where the accumulated
knowledge from the larger studies and databases can and
should be used for more precise molecular diagnostics of
the patients. Individual cases characterized thoroughly with
contemporary sequencing methods can still add important
knowledge to the field. Moreover, the genomics underlying
the longitudinal progression in MCL has, to our knowledge,
been addressed only in two studies involving comprehensive
sequencing: by exome sequencing in a single study compris-
ing 13 patients [10], and in a study including both exome
and transcriptome sequencing in a single patient [17].

Turning to technical aspects of such data-driven molecu-
lar investigations, studies have revealed inconsistencies
between variant detection of whole-exome sequencing
(WES) and RNA sequencing [18−20], while the combina-
tion of WES and transcriptome sequencing has exhibited
higher specificity [21,22]. Furthermore, DNA or RNA
sequencings are often performed from bulk tissue samples,
which may be a mosaic of malignant and non-malignant
cells. Because of the low allele frequencies of variants in
these biological heterogeneous samples, the discrimination
between a mutation and the background noise can be very
difficult.

In the study described here, we evaluated four patients
clinically diagnosed with MCL from initial sampling to dis-
ease progression. This was performed to retrospectively
investigate the diagnosis based on a molecular foundation,
with the aim of helping future differential diagnostic proce-
dures and for more efficient discovery of novel biomarkers
in MCL. We also aimed to characterize the individual clonal
progression based on the molecular clues derived from
the presented layout, although focusing on a few patients.
We implemented an integrative strategy, a molecular dissec-
tion of pure tumor cells, which combines cell sorting and
rigorous sequencing involving both DNA and mRNA
(Figure 1)—where the latter plays an important role in qual-
ity assessment of the cell sorting and sample material. From
this strategy, sorted cells were used to circumvent poten-
tially low allele frequency of somatic coding variants and
interference of non-malignant RNA expression, and the
exome and transcriptome sequences were intersected to min-
imize false-positive mutations. This provided a clear picture
of possible causal driver mutations and expression patterns;
yet, the outlined strategy also mediated resolution of chro-
mosomal copy number alteration (CNA), clonal information,
and distinctly altered expression profiles between diagnosis
and relapse on the basis of next-generation sequencing
(NGS) modalities.

Methods

Patient cohorts, sample material, and cytogenetics
For the exome and transcriptome sequencing, mononuclear
cells (MNCs) from four patients diagnosed with MCL at Aar-
hus University Hospital (AUH), Denmark, from 2005 to 2014
were separated by Ficoll gradient centrifugation from blood
or bone marrow at diagnosis (n = 4) and at clinical relapse/
progression (n = 5) and stored either in mRNA lysis buffer
(Roche Diagnostics GmbH, Mannheim, Germany) (n = 2;
>80% and 92% clonal cells by flow cytometry) or in
dimethyl sulfoxide (DMSO) in liquid nitrogen (n = 7) for sub-
sequent cell isolation (Figure 2). B and control T cells were
isolated from the same tissue type for each patient. Control
RNA was derived from CD19+ B cells from two individual
healthy donors (iXCells Biotechnologies USA, San Diego,
CA) and pooled healthy donor CD19+ B cells (Miltenyi Bio-
tec, Bergisch Gladbach, Germany) from peripheral blood.
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Chromosome analyses were done at AUH on unstimulated
overnight cultures of bone marrow aspirates. Interphase
nuclei fluorescence in situ hybridization analyses were con-
ducted with the following locus-specific directly labeled
probes: IGH, CCND1, TP53, D12Z3, D13S319 , and ATM
(Abbott Molecular, Wiesbaden, Germany). Clinical data from
the patients are summarized in Figure 2. All patients had
been treated according to clinical MCL protocols.

Cell sorting
A minimum of 5 million cells from cryopreserved MNCs were
stained with conjugated antibodies for CD19 (clone SJ25C1, BD
Horizon, BD Biosciences, San Jose, CA), CD3 (clone SK7, BD
Biosciences), light chain k or λ (polyclonal rabbit, Dako, Glostrup,
Denmark), CD20 (clone 2H7, eBioscience, San Diego, CA), CD5
(clone L17F12, BD Biosciences), FMC7 (BD Biosciences), and 7-
aminoactinomycin D (7AAD) (BD Pharmingen, BD Biosciences).
The 7AAD−CD3−CD19+light chain+CD5+CD20+FMC7+ cells
(Supplementary Figure E1, online only, available at www.exphem.
org) were sorted on a FACS ARIA III (BD, Franklin Lakes, NJ)
with purity estimated for each isolated population (Figure 2).
7AAD−CD3+ T cells were sorted from the same patients and used
as paired non-malignant control samples (Figures 1 and 2; Supple-
mentary Figure E1).

DNA and RNA extraction
DNA and RNA from cells in lysis buffer (mRNA lysis buffer,
Roche, Basel, Switzerland) were extracted using the MagNA LC
DNA isolation kit (Roche) and the MagNA pure LC RNA High
Performance isolation kit (Roche), respectively, while DNA and
RNA from sorted cells were extracted with the AllPrep DNA/
RNA micro kit (Qiagen, Hilden, Germany).

Exome and RNA sequencing
One hundred nanograms of DNA from each of the nine
malignant B cell populations and the four paired CD3+ T cell
populations (Figure 1) was used in exome sequencing. Sam-
ple preparation was based on the NimbleGen SeqCap EZ
MedExome kit (Roche), and the library was sequenced on
NextSeq550 (Illumina, San Diego, CA) with paired end reads
(2£ 78 bp). Transcriptome mRNA sequencing, aimed at min-
imum 66 million paired-end reads per sample (2£ 75 bp),
was prepared with the Illumina TruSeq RNA Access kit from
10 ng of total RNA. In total, 12 samples (9 MCL samples
and 3 CD19+ samples from healthy donors as controls) were
RNA sequenced on the NextSeq platform (Figure 1). Raw
data were quality checked (FastQC, Babraham Institute,
Cambridge, UK) and aligned to the human reference genome
(GRCh37) in the CLC Biomedical Workbench (Qiagen,

Figure 1. Workflow overview. In
total, 25 samples from highly pure

cell populations were exome or

RNA sequenced (A). The down-

stream sequencing analysis utilized
double control-paired exome and

RNA intersection (B) to profile the

molecular intra- and interpatient dif-

ferences between MCL diagnosis
and relapse/progression by means of

expressed somatic mutations, copy

number changes, similarities, and
changes in expression patterns (C).
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Aarhus, Denmark). Alignment of exome and RNA sequenc-
ing data was performed in parallel with the Burrows Wheeler
Aligner (BWA, GRCh37 assembly) [23] and Tophat2/Bow-
tie2 [24] for downstream crosscheck of somatic variants and
quality control using GATK 3.6 and MuTect [25], with man-
ual inspection in the Integrated Genomics Viewer (Broad
Institute). Detection of expressed somatic mutations, using
control-paired exome−transcriptome intersection, was per-
formed in the CLC Biomedical Workbench [21]. Single-
nucleotide variant allele frequencies (VAFs) from MuTect
were used to assess clonal patterns [26].

Expression analysis involved statistical differences in group
means and patient-specific quantitative changes between diagno-
sis and relapse. Patient samples and normal B cell controls were
compared by groupwise comparison as means of RNA quality
control, sample purity assessment, and biomarker discovery. Nor-
malization of expression values was based on scaling relative to
sample mean [27], and altered gene expression was analyzed
using the uncorrected Smyth−Robinson exact test well suited for
small sample sizes [28], excluding overrepresented immunoglob-
ulin genes, and presented as heat map for all differentially
expressed genes. The groupwise analysis was performed with a
minimum of a twofold expression difference and 10 reads per
kilobase exon per million mapped reads (RPKM) difference from

the collective sample means. The results were not Bonferroni
corrected because of the small sample size. Similarities between
RNA expression signatures were assessed by the t-distributed sto-
chastic neighbor embedding technique (t-SNE). Large shifts in
expression pattern between diagnosis and relapse (>100 RPKM,
normalized to control B cell expression, p < 0.01) were evaluated
using functional gene set enrichment analysis (GSEA, Broad
Institute, Cambridge, MA), and the most extremely up- or down-
regulated genes (n = 100) sorted by absolute fold change and
expression values between diagnosis and relapse were evaluated
for change in specific signaling pathways inferred statistically by
the hypergeometric test (Hallmark gene sets, Molecular Signa-
tures Database, GSEA).

Whether the mutational profiles of diagnostic or relapse
samples caused gene expression of the implicated genes to
be shut down (RKPM <1) or transcribed (RKPM ≥1) was
assessed with Pearson’s x2 test for nominal values, combin-
ing the somatic single-nucleotide coding variant (SNV) out-
put from MuTect [25] and the normalized expression values
from RNA sequencing in relation to control donor B cell
samples. Likewise, this was assessed for the individual diag-
nosis−relapse samples alone using McNemar’s test for paired
samples with dichotomous outcome, that is, expressed versus
nonexpressed.

Figure 2. Diagnostic, cytogenetic, and sorting characteristics for the samples used in the study. Ara-C=cytarabine; CHOP=cyclophosphamide/

doxorubicin/vincristine/prednisolone; IHC=immunohistochemistry. BM=bone marrow; PB=peripheral blood; R=rituximab; PET=positron emis-

sion tomography; RFC=rituximab/fludarabine/cyclophosphamide; SCT=stem cell transplantation. *Purity of clonal B cells (CD19+/IGL) in MNC

obtained after a Ficoll gradient centrifugation. £Data are from PB (cells are sorted from BM in this patient). $From CD19+/CD5+. #Cytogenetics
performed 32 months before this sample. ##Cytogenetics performed 2 months after this sample. ###Cytogenetics performed 1 month before this

sample. Blanks (—) indicate information was not available.
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Quantitative PCR
Selected differentially expressed genes (n = 12) from RNA
sequencing were confirmed by correlation to quantitative
polymerase chain reaction (PCR) expression values of the
respective patient and control B cell samples. The target
transcripts were reversed transcribed using the Superscript
VILO cDNA Synthesis Kit (Invitrogen) and amplified by
PCR using 300 nmol/L primer and 200 nmol/L probe for
GUSB or 1£ TaqMan Gene Expression Assay otherwise
(Life Technologies, Carlsbad, CA). Normalization was per-
formed using the DCt method with GUSB as reference gene.
Transcript expression for each gene was then correlated to
RNA sequencing (Spearman’s rank correlation coefficient).
DCt expression values were normalized to their median val-
ues because of differences in sensitivity and range and scaled
to the representative range of RNA sequencing RPKM for
comparison (two orders of magnitude). Biomarker candidates
(n = 12) from differentially expressed genes were further
investigated in a larger independent cohort of MCL and CLL
patients (n = 40) and non-malignant control subsets of periph-
eral blood mononuclear cells (PBMCs) and CD19+ cells
(n = 20) isolated from PBMC using the human CD19
microbeads (Miltenyi Biotec). Statistical differences between
the qPCR cohorts were evaluated with the Kruskal−Wallis
test using Dunn’s method for multiple comparisons.

Chromosomal copy number variation was uncovered by
paired comparisons of read depth (VarScan 2 [29]) based on
BWA alignments and significant change in allele frequencies
from GATK output by Fisher’s exact test (p < 0.001).
Results were compared with cytogenetics, when available.

Ethical considerations
The project was approved by the National Committee on
Health Research Ethics, Denmark (Approval No. 1605184),
and data were handled in agreement with requirements of the
Danish Data Protection Authority.

Results
The usage of relapse and control paired sorted periph-
eral blood or bone marrow samples in this study was
based on the previous observation that peripheral blood
and bone marrow expression profiles of MCL signature
genes are not expected to be significantly different
[30,31]. Mantle cell lymphomas with leukemic presen-
tation, a common feature [32,33], were selected on the
basis of the criteria of practical, homogenous sampling
at different time points to compare molecular profiles
with those of circulating B-cells and other malignan-
cies, such as chronic lymphocytic leukemia (CLL).
Malignant B-cells and non-malignant T-, representing
paired samples for each patient, were sorted according
to a rigorous gating strategy (Supplementary Figure
E1) with the sorted cells having mean purities of
98.9% and 98.7% for MCL and T cell controls, respec-
tively (Figure 2). Downstream sequencing analyses
were based on data with a mean number of sequencing
reads of 164£ 106 with 99.3% mapping efficiency for

WES and 96£ 106 reads with 93.1% mapping effi-
ciency for RNA sequencing.

Assessment of RNA expression
Groupwise comparison of patient samples and B cell
controls, as means of RNA quality control, assessment
of sample purity, and discovery of potential biomarker
candidates, revealed two distinct expression profiles
(Figure 3A,B). The expression profiles of diagnosis and
relapse of each patient were more similar than those of
the respective samples compared with B cell controls
(Figure 3A). Thus, all malignant samples were evalu-
ated against the control cell samples. Also, the diagno-
sis−relapse pairs exhibited a consistent degree of
relative difference, whether drawn from peripheral
blood or bone marrow, with the exception of a second
relapse sample (Figure 3A). This coding transcriptome
analysis, defined by a threshold of minimum twofold
expression difference and at least 10-RPKM difference
from the collective sample means, resulted in 132 aber-
rantly expressed genes (Figure 3B, p < 0.01, not Bon-
ferroni corrected because of small sample size), with
the majority being downregulated (113/132). Explicit
lymphoma and lymphocyte signature genes were
detected among the 19 significantly upregulated genes
in the MCL group, such as CCND1, CD5, CD27,
CD1C and BLNK, with a highly variable expression of
upregulated transcripts. Upregulation of CCND1 was
congruent with laboratory diagnostics. The patients
overexpressed CCND1 with the exception of patient 4,
in agreement with the confirmed CCND1 translocation
t(11;14) negativity revealed by cytogenetics performed
on blood at diagnosis and progression. In contrast, pre-
vious clinical analyses involving immunohistochemistry
(IHC) were ambiguous, with CCND1-positive bone
marrow and negative peripheral blood (Figure 2).
SOX11 was found to be negative in patient 4, at both
diagnosis and progression, by IHC or qPCR.

Twelve of the 19 significantly upregulated genes
(SYNE2, ST14, NAPSB, LILRA4, ACP5, CCDC50, CD1C,
PTPRJ, TRANK1, BLNK, MAP4K1, SMC6 ), based mainly
on their potential association or known association with
B cell signaling or B cell malignancy [34−39], were corre-
lated with qPCR assays for the same 12 samples subjected
to RNA sequencing for validation (9 MCL samples and 3
CD19+ cell samples from healthy individuals). The
sequencing expression values (RPKM) from these genes
were all positively correlated with qPCR expression values
to a modest to highly significant degree (p < 0.05, Supple-
mentary Figure E2, online only, available at www.exphem.
org), with a median rSpearman of 0.83 (0.63−0.95) and a
variable dynamic range for each qPCR assay. The collec-
tive correlation of qPCR versus RNA sequencing revealed
acceptable congruence using qPCR values normalized to
respective assay medians (rspearman = 0.75, p < 10−4;
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Figure 3C). As the RNA expression analysis potentially
pointed to novel biomarker candidates, a subset of the sig-
nificantly overexpressed genes were evaluated in a larger
cohort of MCL and differential diagnosis CLL and two
control cohorts (Supplementary Figure E3, online only,

available at www.exphem.org). Both SYNE2 and PTPRJ
were differentially upregulated in the MCL and CLL
cohorts compared with the CD19+ controls (Figure 3D,
pKruskal−Wallis < 0.01, adjusted for multiple comparisons),
while differential expression in comparison to PBMC

Figure 3. Differentially up- and
downregulated genes in the

MCL samples. The differential

expression of genes between

malignant B-cells (diagnosis and
relapse) and CD19+ B-cells

from healthy donors, illustrated

in a t-SNE plot (A), was defined

by a threshold of a minimum
twofold expression difference

and at least 10 RPKM differen-

ces of the group means. This
differential expression of genes

resulted in 19 upregulated genes

(p < 0.01, Robinson−Smyth

exact test for small sample
sizes) represented in the heat

map (B). This heat map illus-

trates the relative difference

from the collective sample
means (black), being either

upregulated (red, saturated at

the upper quartile for visual

contrast) or downregulated
(green, saturated at the lower

quartile). Twelve genes from the

heatmap were tested for expres-
sion correlation using qPCR,

and all were significantly corre-

lated with the results from RNA

sequencing, individually (Sup-
plementary Figure E2) and col-

lectively (C), normalized to

each qPCR gene assay median

expression values and scaled to
the RPKM range for compari-

son). SYNE2, PTPRJ, and sev-

eral other genes (Supplementary
Figure E3) were significantly

upregulated in both MCL and

CLL compared with PBMC or

CD19+ cells (D). LILRA4 fol-
lowed a bimodal expression dis-

tribution for the MCL and CLL

groups, being either up- or

downregulated, and may divide
the patients in two prognostic

groups for further investiga-

tions. TRANK1 was significantly

upregulated in MCL compared
with CLL and may provide

another specific marker to dis-

criminate MCL from CLL.
Combined, these four genes are

highly specific biomarkers for

the two hematological malig-

nancies.

12 M.H. Hansen et al. / Experimental Hematology 2020;84:7−18

138



subsets was specific to PTPRJ and TRANK1 (pKruskal−Wallis

< 0.0001). In contrast to the other marker candidates,
LILRA4 exhibited a distinct bimodal expression distribu-
tion, within both the MCL (pKolmorogov−Smirnov < 0.01) and
CLL (pKolmorogov−Smirnov = 0.02) groups, compared with
the control sets. In combination, LILRA4, SYNE2, PTPRJ,
and TRANK1 expression profiles were specific for the
hematological malignancies compared with the control
samples, advocating for the implementation of a naive
Bayes classifier or other machine learning techniques.

Transcribed somatic mutations
The observed mean depth of coverage for somatic
mutations, present in both exome and mRNA, was 150.
This WES−RNA pairing resulted in a highly specific
variant set, with a median of 17 (7−24) expressed
somatic SNVs and indels per sample (Supplementary
Table E1, online only, available at www.exphem.org).
In comparison, the de facto algorithm for SNVs in
MuTect [25] produced a median of 187 (120−965)
unfiltered candidates, using the T cell subset as normal
controls. Removal of variants with low depth of cover-
age (DP < 20), low-frequency variants (VAF < 10%),
and common polymorphisms in the European popula-
tion (frequency >1%) led to a median of 32 (12−57)
SNVs. The number of overlapping mutations in the
quality-filtered somatic SNVs from MuTect and the
WES−RNA paired mutations was discouraging (n = 10,
e.g., in TP53, IGF2R, IL4R, SPEN, and IQGAP2),
underscoring the need for additional measures to con-
firm whole-exome sequencing results in general.

The intersected exome and transcriptome data of the four
patients revealed four distinct somatic profiles, with respect
to both transcribed driver candidates and allelic frequencies,
such as arising MYD88 p.S219C or lost mutations (e.g., in
BCLAF1 and TRAF3; Figure 4, Supplementary Table E1).
Plausible drivers were selected on the basis of either direct
or indirect association with B cell survival and lymphoma
from PubMed search (Mesh Terms lymphoma and gene
association). The systematic search was based on the specif-
ically transcribed somatic mutations (7−24). Although this
approach increases the specificity of the analyses, it is also
potentially biased toward mutations that do not cause loss of
expression, for example, nonsense-mediated decay, and may
thus fail to detect driving nonsense mutations. However, we
observed no statistical difference in expressed or unex-
pressed mutated genes in sorted malignant cells, individual
diagnosis or relapse, or all malignant samples in combina-
tion, compared with control donor CD19+ B-cells (p > 0.05,
Pearson’s x2 test, 1 RPKM threshold), nor did we observe
any difference between diagnosis and relapse (p > 0.05,
McNemar’s paired test, 1 RPKM threshold). Collectively,
there was no indication that the somatic nonsense mutations,
or other point mutations detected by whole-exome sequenc-
ing alone, led to an expressional shift of the involved genes

in RNA sequencing. This stability was underscored by the
fact that only two nonsynonymously mutated genes were
noticeable by nonstatistical, quantitative assessment:
NCAPG (p.E858K, patient 3 diagnosis) and IQGAP2 (p.
R169H, patient 3), with the first being marginally expressed
(1.9 RPKM vs. 0.3 RPKM) and the latter being decreased
or shut down (<1 RPKM) in both diagnosis and relapse
compared with control B-cells (7 RPKM). All nonsense
mutated genes (n = 22) from MuTect were in line with the
donor B cell counterpart, that is, either not expressed (10
genes in total) or expressed (12 genes) with no difference in
expression (median of 10 vs. 9 RPKM).

No somatic mutations involving identical positions in the
same genes were shared between the four patients, albeit
genes involved in similar pathways or functions were
affected. We identified hits potentially involved in DNA-
damage response (TP53 and ATM) and intertwined B cell
survival pathways, for example, through NF-kB (ATM,
TRAF3 [40], BCLAF1 [41], MYD88, IL4R [42]), JNK
(MAP4K2 [43]) or JAK-STAT (IL4R [44], TRAF3 [45]),
and BCL2 association (BCLAF1 [46]), thus accounting for
the majority of the potential expressed driver mutations.
Collectively, genes involved in the Notch signaling pathway
or Notch cross-talk (NOTCH1, SPEN [47], CCND1, TP53,
and ATM) were affected in all four patients. Loss of hetero-
zygosity involving the TP53 mutations (patients 2 and 3,
Supplementary Figures E4 and E5, online only, available at
www.exphem.org, and Supplementary Table E1) was sup-
ported by large 17p deletions of 12 and 19 megabases (Mb).
Furthermore, the shift in NOTCH1 and double-mutated
ATM was explained by acquired trisomies of chromosome 9
and 11 at relapse (Supplementary Figures E4 and E5).
Patient 3 was the only one exhibiting a distinct change in
allele frequency distributions based on somatic single-nucle-
otide variants between diagnosis and the two relapse sam-
ples (Supplementary Figure E6, online only, available at
www.exphem.org) not caused by CNAs, indicating a dis-
crete clone at diagnosis and at least two at relapse. All
detected CNAs (>1 Mbp) were larger than 1 Mb and
affected 2−14 chromosomes for each patient sample. The
most prominent change from diagnosis to relapse progres-
sion was the subtle clearance of a deletion on chromosome
13, which was accompanied by a change from a chromo-
some 12p deletion to a clonal chromosomal 12 gain at
relapse (Supplementary Figures E4 and E5, patient 1).

Expressional changes from diagnosis to progression
The difference in B cell control normalized expression
between diagnosis and relapse revealed broad functional
enrichment (p and FDR q < 0.001, GSEA, Broad Institute,
>100 RPKM absolute change) in immune regulatory pro-
cesses and signaling, defense response, regulation of cell
death, and chromatin structure (Figure 5; Supplementary
Figure E7, online only, available at www.exphem.org).
Most distinct was the frequency of altered expression in
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histone genes (81 occurrences) in Kr€uppel-like factors (11
occurrences) and human leukocyte antigens (25 occur-
rences). Only two genes in these gene sets, JUN and FOS,
were altered by this magnitude in all four patients, with the
latter proto-oncogenes notorious as heterodimeric binding
partners of the AP-1 transcription factor complex in B cell
signaling and function. There were no systematic observa-
tions in the directional change between diagnosis and
relapse, and none of the functional enrichments were signifi-
cantly up- or downregulated in comparison to healthy con-
trol B-cells. In contrast, non-normalized pathway analysis of
extreme fold and expressional changes (100 most increased
and decreased gene expressions) between individual diagno-
sis−relapse pairs revealed a highly significant enrichment in
genes regulated by NF-kB to tumor necrosis factor (14−21
of 200 gene members in the set, GSEA M5890, p < 10−3

[0]; see Supplementary Table E2, online only, available at
www.exphem.org) among other hallmark gene sets, which
include NOTCH, JAK-STAT, HEDGEHOG, and WNT sig-
naling pathway. The NF-kB gene members were either
downregulated (Figure 6, patients 1 and 3) or upregulated
(patients 2 and 4) and, thus, not directionally specific for the
relapse.

Discussion
The aim of this study was to develop a method of focused
characterization, that is, a molecular portrait, of clinically
diagnosed cases of MCL to improve upfront molecular
classification of diagnosis and progression of individual

cases and to screen more efficiently for novel biomarkers
of this highly heterogenous lymphoma. To accomplish
this, we used sorted cell populations from MCL patients
combined with integrated WES and RNA sequencing anal-
yses. The intersection of the two methods allowed us to
detect somatic mutations with higher precision, compared
with WES alone on bulk tumor samples, leaving behind
untranscribed mutations and erroneous somatic calls
through sequencing noise reduction. This observation was
in agreement with a previous study on cytogenetically nor-
mal acute myeloid leukemia [21]. One drawback of this
methodology pertains to the potential false-negative muta-
tions. Thus, all somatic candidates from WES alone were
evaluated in parallel, but the larger number of variants did
not add to the results in terms of probable drivers. We
also found that the expression status of mutated genes was
not significantly altered, when compared with the expres-
sion profiles of control B-cells. Neither did we observe
any change between diagnostic sample and relapse for
each patient in the involved genes. These observations
supported the application of direct DNA and RNA pairing.
We relied on peripheral blood or bone marrow as a source
of malignant cells for consistency and ease of sampling,
although we are aware that lymph node biopsies may pres-
ent different expression profiles or even different genomic
lesions. Such potential differences are not explored here.

To our knowledge, this is the first study describing the
molecular progression in MCL using the elaborated combi-
nation on highly pure populations of neoplastic cells. Not

Figure 4. Somatic allele fre-
quency changes. The small num-

ber of expressed somatic

mutations (7−24) were evalu-

ated against online databases
(prominently PubMed, COS-

MIC, dbSNP, and ClinVar) to

locate mutated genes with driver

potential at diagnosis and
relapse. The illustrated muta-

tions with allele frequency

changes are either known classic
driver genes or of direct interest

with respect to association with

B cell pathways.
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unexpectedly, four general molecular signatures of diagnosis
and relapse progression were observed: (1) rise and fall of
single- and small-nucleotide coding variants; (2) large copy
number alterations, exemplified by both a stable CNA pro-
file and complex chromosomal aberrations from diagnosis to
relapse; (3) subclonal involvement as indicated by variant
allele frequency analysis; and (4) change in expression lev-
els at patient relapse compared with its diagnostic counter-
part. Despite the heterogeneous mutation profile of the
individual neoplasms, we were able to identify an atypical
case, clinically diagnosed MCL from morphology and flow
cytometry, which on the molecular level was closely related

to a CD5+ SMZL. This assessment was, among other fea-
tures, based on its molecular identity with SPEN [48] and
MYD88 mutations, discussed in the following.

Each case was marked by a small number of potential
driver mutations compared with previous studies [10,14],
while all four patients had high-burden mutations related to
B cell pathways and functions. Confirmation of recurrent
mutations in MCL, such as in TP53, NOTCH1, CCND1,
and ATM [9,10,14], was accompanied by the identification
of expressed somatic mutations in genes unknown or very
rare in MCL (SPEN, MYD88) and lesser known (TRAF3),
all linked to lymphocyte signaling pathways. The mutation
in SPEN introduced a stop codon (p.R1170*), and the muta-
tion in TRAF3 was located next to a zinc finger domain (p.
G123D). The transcriptional repressor SPEN has been
reported to be a negative regulator of the Notch pathway
[49] and is therefore of extreme interest in the pathogenesis
of lymphoid neoplasms. Along the same lines, the tumor
suppressor TRAF3 is a regulator of B cell survival, and
mutations in this gene have previously been found in both
myeloid malignancies and other lymphomas, such as diffuse
large B cell lymphoma [50,51]. Introduction and loss of
mutations between diagnosis and relapse—MYD88,
BCLAF1, and TRAF3—underpinned the evolving clonal
progression of the lymphomas in a steady background of
early founding mutations, while allele frequency shifts at
relapse also occurred as a result of evident chromosomal

Figure 5. B Cell normalized gene set enrichment analysis. Func-

tional gene set enrichment analysis between diagnosis and relapse
using healthy B cell normalized expression was performed by identi-

fying genes with large expression differences between diagnosis and

relapse (>100 RPKM), with the exception of ribosomal transcripts.
The analysis revealed significant overlap with G0 gene sets related

to B cell function, immune response, regulation of cell death, and

DNA structuring (GSEA, Broad Institute). The full list of genes is

available in Supplementary Figure E7.

Figure 6. Quantitative change in central pathway signaling between

diagnosis and relapse. The most extreme gene expression changes

between diagnosis and relapse, that is, the 100 most upregulated and

downregulated, were highly significant for the NF-kB signaling path-
way (7.34£ 10!13 ≥ phypergeometric ≥ 1.36£ 10−23). The median

observed absolute fold change value between diagnosis and relapse

was 4 (3−6 for each patient) and the median absolute expression dif-
ference was 39 reads (20−75) per kilobases per million sequencing reads,

with two- and threefold changes in patients 1 and 3, respectively. Among 50

Hallmark gene sets (GSEA, Broad Institute), NF-kB pathway member genes

were predominantly increased (marked red) in patients 1 and 3, in contrast
to a decrease in patients 2 and 4 (green).
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duplication (ATM, NOTCH1; Figure 4)—or as a possible
subclonal involvement (Supplementary Figure E6). MYD88
mutations, which occur frequently in other lymphomas, are
not recurrent in MCL [9,52]. The specific mutation
described here (MYD88 p.S219C) has been reported in at
least 24 other cases of B cell malignancies (COSMIC
Version 86), including in SMZL [48].

In these settings, with relatively high depth of
exome coverage for each sample, CNA detection by
means of read depth correlations was a powerful tool
for clonal surveillance. All paired tumor samples were
clonally related but exhibited new relapse features. We
identified a chromosome 13 deletion (patient 1) at diag-
nosis that cleared at relapse (Supplementary Figures
E4A and E5). In addition, a trisomy of chromosome 12
superseded a deletion of the respective chromosome.
These findings have the curious implication to unravel
a prediagnostic clone, expanding after remission to the
point of relapse. Although this patient exhibited com-
plex copy alterations affecting more than half of the
chromosomes (14 aberrated chromosomes in total; Sup-
plementary Figure E5), another patient was devoid of
apparent CNA relapse progression (patient 4, Supple-
mentary Figure E5) with a distinct copy profile of low
complexity. This distinct copy profile, which held a
chromosome 7q31−32 deletion (7 Mb), is rarely found
in MCL [53], but is associated with SMZL [54]. Even
if this case may still diagnostically or pathologically be
defined as MCL, the knowledge gained from such a
molecular screening holds potentially relevant informa-
tion for the clinical course of the patient. Although
also treated with rituximab, SMZLs are often indolent,
and response rates to splenectomy are high [55]. The
chromosomal copy status of the other samples gener-
ally reflected the recurrent copy number alterations in
MCL [56], such as 3q and 8q gains, with the latter
being associated with poor survival through MYC
oncogene amplification [57−59].

Turning to RNA sequencing, in addition to demonstrating
genes with known impact on the malignant transformation,
such as the known MCL driver CCND1, we observed signif-
icantly overexpressed genes for the MCL group that are part
of the normal B cell pathway. These included B cell linker,
BLNK, and CD27, but also yielded relevant genes of
unknown implications, such as suppression of tumorigenicity
14 (ST14) (Figure 3B). The expression levels of the normal
B cell counterpart in these genes were highly similar and
provided a reasonable resolution despite the small sample
size. Our focus on the sorted malignant B cell populations
provided the unique possibility of comparing these pure
populations with the normal lymphocytic counterpart for
characterization of the tumors and quality control of RNA
sequencing. Whereas groupwise differential expression
(Figure 3B) confirmed biological and clinical features, such
as lack of CCND1 expression and t(11;14) negativity in

peripheral blood by cytogenetics (patient 4), one of the other
aspects of the expression analysis was to uncover shifts in
gene expression from diagnosis to relapse. The gene set
enrichment profiles for patient progression revealed the
same theme of biological core functions, such as immune
response, regulation of cell death, and DNA structuring,
even after expression values were normalized relative to that
of CD19+ control B-cells. Furthermore, it was found that
NF-kB pathway members, also active in normal B-cells,
were enriched in a highly significant manner in diagnosis
−relapse expressional change, in both directions. While the
potential implication is uncertain, these results collectively
underline that the online database resources and extensive
literature can now be implemented for direct profiling of the
individual malignancy and thereby be included as a part of
precision medicine strategy, even for the single patient. One
concrete example in this study is the large absolute expres-
sional change in FOS and JUN, which are components of
the AP-1 transcription factor, and central to B cell develop-
ment and regulation of CCND1. These are also intertwined
with the NF-kB pathway. Thus, this suggests that the AP-1
complex may be a potential target in precision medicine
toward mantle cell lymphoma. As treatment options in B
cell neoplasms include inhibition of central pathway genes,
for example, the Bruton’s tyrosine kinase (BTK) inhibitor
ibrutinib and the phosphatidylinositol-3-kinase (PI3K) inhibi-
tor idelalisib [60], a thorough characterization of the affected
signaling pathways of the malignant cells in the single patient
becomes increasingly pivotal because of molecular overlap
and cross-talk. A detailed knowledge of the exonic and tran-
scriptomic landscape of the neoplasm could imply an even
more focused use of inhibitory drugs than presently imple-
mented in clinical practice. Patients carrying mutations in
genes involved in the Notch signaling pathways, for example,
through SPEN, might directly benefit from treatment with
NOTCH1 inhibitors designed toward other subsets of cancers
[61]. A huge advantage of the in-depth characterization of
malignant cell populations regarding altered pathway genes
is that a large number of targeted drugs already have been
developed [60,62], and in the future, the focus should be on
testing the interaction of these drugs in functional assays
and, when applicable, in early-phase clinical studies.

Further investigation of the differentially overex-
pressed genes between MCL and control B-cells from
RNA sequencing revealed several potential biomarkers
for discrimination of MCL and CLL from the normal
lymphocyte counterparts. Two of these genes, in partic-
ular, LILRA4 and SYNE2, divided both involved patient
cohorts into distinct entities and may hold specific
prognostic or biological information on the individual
lymphomas. The significance of these findings remains
unknown, and further samples and studies are required
to assess the qPCR assays as robust predictive features.
LILRA4 is one of the leukocyte immunoglobulin-like
receptors, which are involved in modulation of immune
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responses, whereas SYNE2 is involved in the structural
integrity of the cell (some evidence points to a role in
cyclin-dependent kinase inhibition through p21) [63]
and is thus posed for a direct role together with the
classic hallmark of MCL, the oncogene cyclin D1. The
collective results from qPCR, involving the cohort pre-
sented here, indicate that the presented methodology
using pure cell fractions is suited for the discovery of
potential biomarkers. Future work will elucidate the
role of these and other genes included in this study,
which in many cases have not been previously investi-
gated for their involvement in MCL. None of the
investigated genes differentiated MCL from CLL.

In summary, we have demonstrated that the intersected
analysis of genome and transcriptome sequencing using
sorted lymphoma cells directly disclosed driver mutations
that fortify, adjust, or refute diagnosis. The information
derived from this integrative strategy improved the charac-
terization of the underlying lymphoma by several different
molecular handles suited for analyses of a small number of
patients. Not only does such streamlining provide a higher
resolution of the diagnostic lymphoma profile and progres-
sive clone of individual patients, compared with exome
sequencing on bulk material, but also reveals immediate
drivers and potential biomarkers specific to MCL. Such
“fine-grained” molecular portraits may thus hold direct clini-
cal potential because candidate genes are potential targets of
already developed precision medicine toward specific signal-
ing pathways.
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Cancer genomes are frequently struck by chromosomal lesions. Next generation sequencing provides
potentially high-resolution assays in a single analysis to detect copy number alterations (CNA). The
implementation and usage of sequencing may partly be hampered by the lack of transparency in copy
number calling algorithms. Here, we present the software CNAplot for aligned visualization of variant
allele frequencies and read depth ratios generated from paired whole exome sequencing samples. We
implement transparent statistics to evaluate shifts in allele frequencies and sequencing read counts in
order to support a copy number event, to complement other tools and to detect somatic copy-neutral
loss of heterozygosity.
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1. Motivation and significance

Cancer genomes are frequently marked by several chromo-
somal lesions, such as translocations where a part of one chro-
mosome attaches to another, acquired copies of whole or parts
of chromosomes or chromosomal losses. Specific aberrations are

https://doi.org/10.1016/j.softx.2020.100503
2352-7110/© 2020 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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often recurrent and hold diagnostic or prognostic value to clini-
cians or researchers. Until recently, analyses on these copy num-
ber alterations (CNA) have mainly been reserved to the field and
laboratory techniques of cytogenetics. Next generation sequenc-
ing (NGS) has made it possible to explore these chromosomal
aberrations in a single assay with a very high resolution as com-
pared to several former techniques. In spite of the potentially
valuable information and practical aspects, which can support
the laboratory work-up and conclusions of the cytogeneticist or
pathologist, the implementation may be hampered by the lack of
transparency in copy number calling algorithms, lack of simplicity
or applicability.

Whole exome sequencing (WES) has been utilized in the de-
tection of CNA for a decade, since in-solution capture-based as-
says entered the scene [1]. Studies show that WES generally
provides a lower resolution or an increase in noise compared to
whole genome sequencing [2,3]. Also, the concordance between
algorithms frequently implemented in published research stud-
ies, such as XHMM, CoNIFER, and CNVnator, ADTEx, CONTRA,
Control-FREEC, EXCAVATOR, ExomeCNV, Varscan2 etc. have been
found to be low [4–6]. The majority of tools are initiated through
command-line interfaces with no graphical interaction, and often
requires some basic knowledge of shell scripting or have more or
less complicated workflows, such as CNVnator [7]. It is found that
the few papers that offer a web-based tool are unavailable a few
years after publication, such as exemplified by VCS (visualization
of CNV or SNP). In either case, the possibility to assess changes in
chromosomal copies by altered sequencing read depth and along
with affected variant allele frequencies is not straight forward
using the currently available command line tools. This further
emphasizes the need for practical software with such capabilities.

Here, we present the software CNAplot developed for the pur-
pose of plotting variant allele frequencies juxtaposed read depth
ratios between case sample and control sample from WES with
a medium to high depth of coverage, and which is produced in
the same sequencing run. With this tool, the chromosomal copy
number alterations are visualized along with significantly altered
allele frequencies for fast assessment of acquired copy alterations.
In addition, nonparametric statistical tests of observed aberrant
regions are provided to support copy change or even copy-neutral
loss of heterozygosity by absence of altered read depths. Thus,
the provided software may aid the researchers, or cytogeneticists,
by directly complementing other analyses and by being easy to
use directly on variant call formatted files (VCF) and depth of
coverage of defined regions.

2. Software description

CNAplot takes input generated from whole exome next gen-
eration sequencing reads, as illustrated by the example described
below. The sample purity and sequencing must be of sufficient
quality and coverage. In general, we do not recommend exome
sequencing with less than 50 million reads per sample as it may
lead to poor resolution. Two types of files are needed for each
of the paired samples: (1) read counts retrieved from provided
intervals (BED), such as gene regions as used in the example
here, and (2) variants in the variant call format (VCF). Following
import of data, the variants are visually aligned to the positions
of respective calculated read depth ratios (Fig. 1). Significant shift
between focus variant allele frequencies (VAF) and control sample
VAF is calculated from Pearson’s �2 (Eqs. (1)–(2)) or, optionally,
Fisher’s exact test for samples with lower coverage (not recom-
mended). Based on initial testing of multiple sequencing samples
from leukemia and lymphoma patients, we evaluated that McNe-
mar’s paired test for related sample pairs was not superior, when
compared to �2. Hence, all sample pairs are analytically regarded
as independent.

Table 1
2 ⇥ 2 contingency table of case-control paired allele depths (Dsample,allele).

Samples
Case Normal

Allele A DC,A DN,A
B DC,B DN,B

The significance threshold is selected to match the number of
variants, n, i.e. the number of multiple tests performed and the
accepted threshold of false positives. The following summarizes
the test for a 2 ⇥ 2 contingency table (Table 1, Eqs. (1)–(2)),
given one degree of freedom and significance level of ↵ = 10�4

applicable to testing hundreds of variants per chromosome. Here,
the test evaluates the number of observed reference and alternate
allele (O) given by its depth (D) to the expected (E):

�2
Pearson =

nX

i=1

(Oi � Ei)2

Ei
> |15.14| (1)

= N(DC,ADN,B � DN,ADC,B)2

(DC,A + DC,B)(DN,A + DN,B)(DC,A + DN,A)(DC,B + DN,B)
(2)

pcompound =
nY

i=1

p(i) (3)

Generally, we have observed that for high quality sequencing
data a Bonferroni corrected threshold of ↵ = ↵uncorr/n is com-
patible with the presented analytical workflow. The compound
probability (Eq. (3)) is calculated from the longest stretch of
significantly altered variants and provides supporting evidence of
a large copy change. As example, the theoretical probability of
coincidentally observing three successive, independently, altered
variants, with the proposed ↵, is then 10�12.

Statistical evaluation of difference between binned read counts
extracted from specified intervals is performed with Wilcoxon
rank-sum test (Mann–Whitney U [8]), thus treating both un-
matched and matched samples, i.e. from the same individual,
as independent samples. In comparison, the Wilcoxon signed-
rank test [9,10] for related case-control samples showed inferior
performance for CNV detection. The implemented algorithm is
thus:

1. Let list be a 1⇥ 2n matrix, where the first half, list(1 to n),
is the case with n number of observations, and the second
half is the normal control, list(1 + n to 2n), with each
holding the same number of observations. Each element
is the number of reads of a given interval normalized to
the number of total reads for the respective sample. In the
provided example, each row represents the read count for
a given gene.

2. Add index column with i1 to i2n to the list
3. Sort this list matrix from the lowest to the highest value,

removing tie rows.
4. Add a new index column with i01 to i02n to the list
5. Then the test value is the sum of the ranks, U = Sum(i0)

for i1 to in or U = Sum(i0) for in+1 to i2n.

The selected number of observations in each bin is expected to
be high, i.e n � 20, thus U is approximately Gaussian [10] and the
standardized rank statistics value is then evaluated as follows, for
↵ = 0.05 (Eqs. (4)–(6)):

z = |U � µU

�U
| > 1.96 (4)

µU = n2

2
(5)
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Fig. 1. CNAplot input requirements. Two file types are needed for each of the paired samples: (1) read counts in specified intervals (BED), such as gene regions, and
(2) variants in the variant call format (VCF). Software executables are available for OS X, Linux and Windows.

�U =
r

n2(2n + 1)
12

(6)

2.1. Software architecture

CNAplot has been developed in the cross-platform program-
ming environment Xojo (Xojo, Houston, TX, USA). Compiled exe-
cutables are provided for OS X, Windows 10 and Linux (Ubuntu),
with no additional software required to run the tool. The software
implements parts of the proprietary chart and graph plotting
library, ChartDirector (Advanced Software Engineering Ltd, Hong
Kong) through MBS Xojo ChartDirector plugin (Christian Schmitz
Software GmbH, Nickenich, DE). The imported data is stored in
an in-memory SQLite database created at runtime. Thus, the RAM
usage is proportional to number of variants and number of read
counts. Memory usage was 125 MB under OS X for the provided
example files.

2.2. Software functionalities

In summary, the major functionalities of the software are (1)
visual alignment of variants and read counts for evaluation of
VAF shifts and altered read counts for the detection of somatic
chromosomal copy-affecting and copy-neutral events, (2) statisti-
cal inference and (3) export of plots to file (JPEG). The individual
plots of each chromosome include an estimated position of the

centromer relative to the flanking variants on the respective p-
arm and q-arm. The positions have been retrieved from the UCSC
Table Browser (http://genome.ucsc.edu, UCSCGenome Informat-
ics Group, University of California, Santa Cruz, CA, USA) for the
assemblies GRCh37/hg19 and GRCh38/hg38 (track: Chromosome
Band, table: cytoBand). This data is preloaded in CNAplot (current
version 1.2).

3. Illustrative example

In this section, we will provide an example of usage based
on paired-end whole exome sequencing on the Illumina platform
(San Diego, CA, USA) with a case of T-cell acute lymphoblastic
leukemia (T-ALL) from a previously published report [11], and a
control sample derived from a paired skin sample with approx-
imately 90 ⇥ 106 reads each. T-ALL is a malignancy caused by
neoplastic proliferation of immature precursors of T-cells. It is
often aggressive with a rapid progression.

The following provides a brief step-by-step description on
how to generate the necessary input files for CNAplot under
Linux. Note, these steps are not required to run the software
with the provided examples files, nor is it the required workflow.
Alternatively, user input files may be produced with bcftools [12]
for variant calling and GATK 3.8 (Broad Institute, Cambridge,
MA, USA) DepthOfCoverage command for obtaining read counts
in specified regions (see supplied example input files).
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Fig. 2. CNAplot requires variants and sequencing read counts in intervals of suitable sizes. The variants must be in single sample variant call format (VCF) as it
parses the included genotype information to variant allele frequencies. Read counts input is provided in browser extensible data format (BED), and may be generated
with bedtools multicov or other similar tools. See example files for correct input format. The data is loaded into memory upon import through SQLite (version 3).

3.1. Installation of necessary tools to generate CNAplot input files

We recommend that alignment of short paired-end reads from
WES is performed with Burrows Wheeler aligner (BWA) [13].
BWA can be installed on Linux by opening a terminal window
and typing sudo apt-get install bwaor as a conda package, conda
install -c bioconda bwa (Anaconda Inc, Austin, TX, USA). Picard
Tools (Broad Institute) and bedtools [14] are installed in the
same manner. GATK4 is downloaded directly from the homepage
(gatk.broadinstitute.org) or installed as a conda package.

3.2. Alignment of sequences to the human reference genome, sorting
and indexing

Open a terminal window and type the following command to
perform alignment to your provided reference genome and target
regions:

bwa mem -M -R "@RG\tID: \tSM: \tPL: \tLB: \tPU: "\
referencegenome.fasta $file1 $file2 | samtools view \
-L regions.bed -Sb -> aligned.bam

The resulting alignments can be inspected in Integrative Ge-
nomics Viewer (IGV) [15,16] after the sorting and indexing of the
BAM file, e.g. with Picard or Samtools. Note that if your whole
exome sequencing library preparation is amplicon-based instead
of capture-based, hard filtering of PCR duplications with GATK4
MarkDuplicates is not recommended as it will remove a large
fraction of the total reads.

PicardCommandline SortSam INPUT=aligned.bam \
OUTPUT=aligned.sorted.bam SORT_ORDER=coordinate

PicardCommandline BuildBamIndex INPUT=aligned.sorted.bam

3.3. Retrieval of sequencing counts

Obtaining read depths for provided intervals of your alignment
can be performed using the multicov tool, which is a part of the
bedtools utilities [14]. As example, interval regions (e.g. refGene)
in the Browser Extensible Data format (BED) can be retrieved
from the UCSC Table Browser at genome.ucsc.edu or the provided
example BED-file can be downloaded from the data repository
(http://dx.doi.org/10.7910/DVN/BWY6SK, Harvard Dataverse) and
used as intervals (GRCh37 assembly). The resulting output con-
tains read counts for a specific gene with two files created for
each sequencing pair –e.g. case sample and control sample.

bedtools multicov -bams aligned.sorted.bam \
-bed regions.bed > aligned.sorted.bed

3.4. Variant calling as input for CNAplot allele frequency retrieval

We recommend GATK4 for variant calling [17–19]. Each align-
ment in the sample-control sequencing pair is processed through
the HaplotypeCaller tool in the genome analysis toolkit. Although
base quality score is optional with the BaseRecalibrator and Apply-
BQSR tools, it is highly recommended for improved assessment
of base qualities, e.g. for downstream filtering (See the current
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Fig. 3. This figure shows all variants aligned to the read count ratios of specified intervals in supplied BED-files. Here, each ratio represents a gene. As the number of
genes roughly approximates the number of short coding variants, it is highly practical for the comparison of copy number alteration affected variant allele frequencies
and read counts. The example here reveals a trisomy 4 and a smaller significant allele frequency shift on chromosome 9. Significant copy of calls on 12, 14, 19 and
22 may be false-positives at the specified significance level, ↵ = 0.0001(�2), and is expected at this threshold. The compound probability provided by the software
can be used to support copy changes, where two or more successive allele frequency alterations occur.

GATK4 documentation for more details). HaplotypeCaller can de-
tect variants directly by providing the generated alignments as
input:

gatk HaplotypeCaller \
-R referencegenome.fasta \
-L regions.bed \
-I alignment.sorted.bam \
-O variants.vcf

The resulting files from the outlined steps, i.e. a paired set of
BED-files and a paired set of VCF, are all what is needed as input
in CNAplot (Fig. 2).

Note that genotype information has been removed from the
supplied examples VCF files. Loading of the provided sample data
shows two highly significant alterations: (1) a chromosome 4
trisomy and (2) a chromosome 9 copy-neutral deletion (Figs. 3
and 4). Significant changes in variant allele frequency is backed by
performing a U-test on change in read depths of the focus sample
compared to that of the control sample (Fig. 5). The combined
assessment of variant allele frequencies and read depth ratios en-
ables the researcher to locate copy-neutral loss of heterozygosity
– a feature which may be highly relevant as a supplemental tool
for proper characterization of diagnosis and follow-up in a subset
of the cancer patients.

The latest addition to the CNAplot software (version 1.2) es-
timates the boundary between the p- and q-arm of the selected
chromosomes, here exemplified by a case of relapsed mantle cell
lymphoma with both copy loss and gain on chromosome 8 (Figs. 6
and 7, not included as example data on Harvard Dataverse).

3.5. Troubleshooting

We have observed very poor resolution for samples sequenced
with less than 30 million reads, and therefore our recommenda-
tion is 50 million reads, or preferably more, from capture-based
whole exome sequencing library prepared from high quality DNA.
We have not tested sample amplicon-based library preparation
kits. Also, note that the control sample must be sequenced in
the same sequencing run. This is, empirically, important for both
capture and amplicon-based sequencing libraries. It may not be
necessary for the read depth control to be derived from the same
individual. However, using paired control sample variants from
the same individual with a similar amount of reads is necessary
to generate optimal results

Variant files from whole genome sequencing can attain very
large file sizes, so it may be necessary to restrict variants to,
for example, the coding regions. Also, both WGS and WES may
contain a large number of false positive variants. Thus, filtering
on the basis of quality is necessary in any downstream analysis
on next generation sequencing data. We refer to the included
example as a guideline for the number of observations. Currently,
CNAplot implements analysis of autosomes only.

Note that the first launch under OS X it may be necessary to
CTRL-click on the CNAplot icon and selecting ‘‘Open’’ to accept
launching software from an unidentified developer. Alternatively,
in some less restrictive user settings it is adequate to accept
that the software is launched for the first time. In Windows 10
it is required to dismiss the warning from Windows Defender
Smartscreen in order to run the software. CNAplot does not install
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Fig. 4. The user can zoom in on individual chromosomes to evaluate alterations in variant allele frequencies (VAF) or read depth ratios. Each significantly changed
VAF is marked by an aligned blue dot. The compound probability is calculated from the longest stretch of significantly altered variants. Exemplified here is a trisomy
of chromosome 4, with variant allele frequencies and read depth ratios in strong agreement. Both are significantly altered between case and control samples, using
�2 (VAF) and Mann–Whitney U-test statistics (bins of ratios with 50 gene regions in each).

any files, but runs directly from the downloaded and unzipped
executables.

Source code is provided at the data repository.
(http://dx.doi.org/10.7910/DVN/BWY6SK, Harvard Dataverse).

4. Impact

Investigation of acquired copy number alterations in cancer re-
search and clinical laboratory diagnostics, prognostics and follow-
up using next generation sequencing is highly relevant as it
may support the cytogeneticist and clinical decision making. One
prominent example is the deletion of 17q, which is recurrently
observed together with TP53 mutations in leukemias [20,21],
lymphomas and other types of cancer. While whole exome se-
quencing has now passed its first decade of existence [1], and
has especially gained popularity and routine usage in diagnostic
laboratories the last couple of years, the focus has mainly been on
nucleotide variant detection. Detection of copy number alteration
from WES data has also been an area of intense interest, but
compared to variant calling, which to a large extent has been
driven by the computational guidelines from the Broad Institute
with its Genome Analysis ToolKit (GATK), a general consensus on
the workflow of detecting chromosomal gains or losses has not
been established. While GATK4 Best Practices Workflows on copy
number variation are being developed, either the focus is germ
line copy number calls, or it requires a very large Panel of Normals
of suggested 40 control samples or more from a consistent library
preparation and sequencing setup. Most often, this is not within
reach for the majority of researchers.

While many different types of CNA calling software exist, not
many tools combine allele frequencies and read depth ratios,

nor do they support plotting of both together. Some tools only
require a single sample, such as the sophisticated QDNAseq R
tool [22] for whole genome sequencing which relies on depth
of coverage analyses alone, and thus does not detect acquired
copy-neutral loss of heterozygosity. As sequencing costs continue
to drop, the use of paired case-control samples, allele frequency
and read depth juxtaposition has several advantages: Foremost,
it gives the ability to determine somatic aberrations. Secondly,
it strengthens the evidence of a given chromosomal copy alter-
ation and provides the opportunity to detect acquired uniparental
disomy, which is not visible from read depth ratios. Finally, the
inclusion of a normal control sample in the same sequencing run
helps to diminish the batch variation and noise inherent to whole
exome sequencing, and next generation sequencing in general,
such as the change of coverage in GC-rich regions. Such variation
is often reproduced in the paired sample, thereby attenuating
large fluctuations in read depth ratios and dispersion of allele
frequencies. As a matched control is most often used for the
detection of somatic mutations, it is frequently included in a
diagnostic setup or for a specific research purpose.

5. Conclusions

In conclusion, the presented lightweight plotting and analysis
software provides fast means to evaluate copy number alter-
ations, juxtaposing both variant allele frequencies and sequencing
read depth ratios from control-paired cancer patient samples.
This feature enables the evaluation of copy neutral chromosomal
losses, which is still neglected to some extent in cancer research
and clinical diagnostics. As very few tools with graphical user
interface exist, and none are in the presented form, this software
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Fig. 5. Observing a very low compound probability is a strong indicator of large chromosomal lesions. Thus, such values are unlikely in data of otherwise high
quality data by chance if a reasonable significance threshold is selected, e.g. ↵ = 0.0001. Here, a copy-neutral loss of heterozygosity is evident from the short arm
of chromosome 9: Variant allele frequencies have changed significantly, while the copy number is unchanged.

Fig. 6. This illustrative example shows chromosome 8 from a patient with mantle cell lymphoma (not provided as example data). The plot reveals that a large part
of the p-arm has been deleted in either of the parental copies. Also, multiple copies of chromosome 8q are detected. Because a large part of the chromosomes
contains one or more copy number alterations, the baseline has been shifted 20%. This is not needed in most cases as the baseline is set by the median value of
the read depth ratios. A significant change in variant allele frequency is observed throughout chromosome 8.

may be valuable to many researchers. We hope that CNAplot may
help to map the extent of copy-neutral events in various cancer
forms and aid in the detection of copy number alterations, in

general, by its graphical user interface and transparency. The soft-
ware is available free of charge and can be downloaded through
the provided link.
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Fig. 7. A significant change in read depths of genes on chromosome 8 is observed for the mantle cell lymphoma sample. This conclusion is based on bins of 30
genes in each statistical test, using the Mann–Whitney U-test. As of CNAplot version 1.2 the location on the chromosome for each bin is shown.
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A B S T R A C T   

Relapse involving the central nervous system (CNS) is an infrequent event in the progression of mantle cell 
lymphoma (MCL) with an incidence of approximately four percent. We report four cases of MCL with CNS 
relapse. In three of the four patients a large chromosomal copy-number alteration (CNA) of 1q was demonstrated 
together with TP53 mutation/deletion. These patients experienced brief response to ibrutinib, whereas a fourth 
patient harboring mutated ATM demonstrated a long-term effect to ibrutinib and no CNA. Although it is unclear 
whether chromosome 1q CNA contribute to specific phenotypes these reports may be of value as such lesions are 
uncommon features of MCL.   

1. Introduction 

Infiltration of the central nervous system (CNS) is an infrequent 
event in the progression of mantle cell lymphoma (MCL) and is esti-
mated to occur in 4% of patients with primary systemic disease. [2, 3]. 
Taking into account the relative rarity of this malignancy, which is 
generally reported to be less than 10% of the non-Hodgkin’s lym-
phomas, it is difficult to shed light on specific molecular lesions, if any, 
leading to the progression of CNS involvement. The severity of CNS 
progression, with the survival of only a few months, emphasizes the 
importance of further investigations into the molecular biology. 

In this report, we briefly describe the response to ibrutinib in cases of 
MCL with CNS involvement as well as a recurrent observation, not 
previously reported to this extent. While cytogenetic changes are 
frequent in MCL both at diagnosis and relapse, with translocation t 
(11;14) being a prominent hallmark of the disease, somatic copy number 
alterations of chromosome 1q are, to our knowledge, very rare. Yet, we 
successively report four whole-exome sequenced patients, of which 
three evidently display large aberrations of chromosome 1, two being 
deletions and one a copy gain. Two of the patients progressed with 1q 
copy alterations at CNS relapse detected in cerebrospinal fluid (CSF), 
while another carried the deletion at diagnosis (Table 1). Patients 1, 3, 

and 4 were found to have acquired large 17p deletions by assessment of 
variant allele frequencies (VAF). These findings were accompanied by 
mutations in TP53 for patients 1 and 2 at diagnosis (Table 1 and 2). 

2. Patient cases 

All four patients had a consistent immunophenotype evaluated by 
flow cytometry (FC) from diagnosis to relapse, being positive for CD5, 
CD19, CD20, CD22, and either kappa or lambda expression, while 
showing CD10, CD23, and CD200 negativity (Table 1). Additional in-
dividual markers were employed in FC and immunohistochemistry 
staining for histopathological confirmation of MCL, and exclusion of CLL 
or other lymphomas. In the same manner, CCND1 and PAX5 expression 
was consistently evaluated at diagnosis, together with SOX11, and at 
relapse. All patients received rituximab as part of the first-line treatment 
regimens in combination with bendamustine (patient 1) and R-CHOP 
(patient 2, 3, 4), alternating with rituximab and high-dose cytarabine 
followed by autologous stem cell transplantation (patient 2, 3). All pa-
tients initially responded to ibrutinib treatment after CNS relapse, 
evaluated by the clinical response in three patients and by CNS cytor-
eduction in one patient who did not have clinical symptoms. Time to 
response varied from 4 days to 4 weeks. 
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The level of details for each report is deliberately decreased, successively, 
due to space limitations and scope. The status of chromosome 1q aberrations 
and somatic mutations were unknown at the time of sampling, and the patient 
cases were selected and sequenced for this study solely on the basis of 
receiving ibrutinib following CNS relapse. Methods are found in the online 
supplement together with a complete list of somatic mutations. 

Patient 1: Male, age 72 at MCL diagnosis ultimo 2015 (stage IV B, Ann 
Arbor classification, Table 1). Malignant B cells from the inguinal lymph 
node were assessed pleomorphic at diagnosis, staining positive for 
CCND1, SOX11, PAX5, and BCL2 by immunohistochemistry in addition 
to previously described surface markers, while being BCL6 negative. FC 
detected approximately 68% lymphoma cells in a lymph node and 30% 
in bone marrow (BM). Complete remission was attained following 
treatment with rituximab and bendamustine. Onset of nausea, visual 
disturbances, and aphasia occurred within a year of the diagnosis. Only 
cells with normal karyotype were found in BM at relapse, while CSF 
contained an excess of 300,000 B cells/ml with meningeal involvement 
demonstrated by cerebral magnetic resonance imaging. Treatment with 
ibrutinib and prednisolone was initiated resulting in reestablished 
vision, nonimpaired speech and movements after a week together with a 
marked decrease in the number of cells in spinal fluid to 85,000 cells/ml. 
Neurological symptoms reappeared after 4 weeks, and the patient pro-
gressed ad mortem 8 weeks after CNS relapse. A high burden deletion 
(~80%) was found at relapse on chromosome 1q (approximately 95 Mb, 
Fig. 1, patient 1 panel D, and Fig. 2) by whole-exome sequencing (WES). 
UBR5 (8:103,269,922 G>A, nonsense mutation, GRCh37) and ERBB2 
(17:37,865,708 A>G, intron-exon splice junction) were shared between 
diagnostic lymph node, BM, and relapse CSF (Table 2). Both a TP53 
mutation and 17p deletion were found by sequencing of diagnostic 
sample. 

Patient 2: Woman, age 61, diagnosed following inguinal biopsy (stage 
IV B). The biopsy was positive for SOX11. The patient showed approx-
imately 80% lymphocytes in BM by microscopic examination of imprint 
slides and was positive for PAX5 and CCND1 by immunohistochemistry. 
R-CHOP based immuno-chemotherapy was initiated and high-dose 
therapy and autologous stem cell transplantation (HDT+ASCT) was 
completed six months after diagnosis. CNS relapse occurred 10 months 
after diagnosis. CNS involvement was proven in CSF shortly after partial 
remission in BM (~1% residual MCL cells) with a concentration of well 
over a thousand cells per milliliter with approximately half of the leu-
cocytes being lymphoma cells evaluated by FC. Ibrutinib treatment was 
initiated as second-line treatment, followed by immediate cytoreduction 
from 1200 cells/ml to 100 cells/ml sustained ad mortem. The patient 
succumbed during invasive aspergillosis one and a half month after CNS 
relapse. The B cell lymphoma displayed double mutated TP53 (Table 2), 

Table 1 
Patient characteristics. LDH: lactate dehydrogenase, U/L: units per liter, NA: 
not available, HDT+ASCT: High-dose therapy and autologous stem cell trans-
plantation, CSF: cerebrospinal fluid, CNS: central nervous system, WES: 
analyzed with whole-exome sequencing, ~: approximately, *: SOX11 positivity 
was inconclusive at diagnosis but positive in the bone marrow two years later 
and prior to the first treatment regime, #: detected at diagnosis, $: detected at 
relapse. The chromosome 1q copy number alterations were found in CSF at 
relapse for patients 1 and 3, and in diagnostic lymph node for patient. 2 
(sequencing of CSF at relapse failed with an exhaust of material).  

Patient 1 2 3 4 

Age at diagnosis (year) 72 
(2015) 

61 (2015) 62 
(2014) 

72 (2012) 

Stage IV B IV B IV A IV A 
LDH (U/L) Elevated 

(228) 
Elevated 
(244) 

Normal 
(123) 

Normal 
(158) 

MIPI score 7,0 7,9 5,9 6,8 
Ki67 45 90 NA 10 
HDT+ASCT – + + – 
Intracerebral lesion + – + – 
Intraspinal lesion – + + – 
Relapse CSF involvement + + + – 
Relapse CNS involvement + + + +
Ibrutinib response 

duration at CNS relapse 
<1 
month 

~1 month ~1 
month 

> 60 
months 

Status at last follow-up Dead Dead Dead Dead 
Ibrutinib toxicity – Inversive 

aspergillus 
– Pleura 

effusion 
CD5, CD19, CD20, CD22 + + + +
CD10, CD23, CD200 – – – – 
SOX11 + + +* +
CCND1 + + + +
TP53 deletion (WES) +#$ – +$ +$ 

TP53 mutation (WES) +# +# – – 
1q copy number 

alteration (WES) 
+$ +# +$ –  

Table 2 
Detected somatic mutations. Mutations overlapping with the Cancer Gene Census list provided by the Catalogue of Somatic Mutations in Cancer (COSMIC, v92, Tier 
1 and 2) [11] are shown. The mutations were detected with Mutect2 (flagged PASS), with sequencing alignment in BWA (GRCh37) and processing in GATK 4.1.8 
(Broad Institute, Cambridge, MA, USA) [10]. All mutations with a depth of coverage below 20 were discarded. Pt.: Patient number. DP: Depth of coverage. NA: Not 
available. ND: Not detected. Relapse denotes relapse cerebrospinal fluid for patients 1 and 3, relapse bone marrow for patient 2 with almost no detectable malignant cells 
(1%, see Fig. 1. Note that sequencing of relapse CSF failed for pt. 2), in agreement with mutational status, and relapse dorsal tumor for patient 4.  

Pt. Gene Position Identifier Diagnosis DP (Lymph node) Diagnosis (Bone marrow) Control DP Relapse DP 

1 BCORL1 chrX:129,148,676 C>A  ND ND ND 6/31 (19%) 
CARD11 chr7:2,985,521 A>T COSV62717189 50/193 (26%) 55/420 (13%) ND ND 
EBBR2 chr17:37,865,708 A>G (splice junction) 26/53 (49%) 10/70 (14%) ND 14/31 (45%) 
PBRM1 chr3:52,610,594 A>AC  33/93 (35%) 30/263 (11%) ND ND 
SMARCA4 chr19:11,123,693 G>A COSV60798909 ND 14/129 (11%) ND 14/46 (30%) 
TP53 chr17:7,577,515 T>G COSV52801994 47/81 (58%) 37/198 (19%) ND ND 
UBR5 chr8:103,269,922 G>A  30/77 (39%) 44/231 (19%) ND 43/73 (59%) 

2 EGFR chr7:55,087,012 G>T  56/154 (56%) ND ND NA 
NUP98 chr11:3,793,053 C>T rs148092095 185/370 (50%) ND ND NA 
SF3B1 chr2:198,261,029 A>T  62/203 (31%) 5/193 (3%) ND NA 
TP53 chr17:7,577,541 T>A COSV52732730 144/331 (44%) 4/212 (2%) 1/164 (1%) NA 
TP53 chr17:7,578,546 AG>A  237/299 (79%) 5/323 (2%) ND NA 

3 CCND1 chr11:69,457,900 G>A  NA ND ND 88/109 (81%) 
CSMD3 chr8:113,694,865 G>A  NA 22/153 (14%) ND 50/117 (43%) 
NSD2 chr4:1,962,801 G>A COSV56386422 NA 31/266 (12%) 1/567 (0%) 150/237 (63%) 
ROBO2 chr3:77,681,753 G>C  NA 22/269 (8%) 1/349 (0%) 50/156 (32%) 
SLC45A3 chr1:205,632,142 C>A  NA 8/29 (28%) ND ND 

4 ATM chr11:108,216,614 AG…>A  NA 27/81 (33%) ND 27/89 (30%) 
DDX5 chr17:62,500,098 TACAG>T rs782442161 NA 2/562 (0%) ND 102/134 (76%) 
IRS4 X:107,977,919 G>T rs199512071 NA 7/47 (15%) ND ND 
PTPRK chr6:128,505,823 T>C COSV100949489 NA ND ND 51/138 (37%)  
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negative for 17p deletion. In addition, a distal 1q deletion of approxi-
mately 100 Mb was detected utilizing VAF and read depth ratio analyses 
of tumor-control pair (Fig. 1, patient 2, panel A), with an estimated cell 
fraction of 25–30%. 

Patient 3: Male, age 62, diagnosed MCL (stage IV A) with 32% lym-
phoma cells evaluated by FC. The patient was treated with R-CHOP after 
2 years of “watch and wait” approach. HDT+ASCT was completed six 
months after the start of therapy. PAX5 and CCND1 positivity was 
confirmed, while SOX11 was inconclusive at diagnosis and confirmed 
positive two years later at treatment initiation. TP53 expression was 
absent, and the karyotype was evaluated as being normal at diagnosis. 
CNS relapse occurred two years after diagnosis with 89% lymphoma 
cells in CSF, dominated by CD19, CD20, and kappa light chain positive 
cells. Several mutations were found to be shared between diagnosis and 
CNS relapse (Table 2). This patient also displayed a large allelic 

imbalance (Fig. 1, patient 3, panel C) of 95–100 Mb at the same location 
as patients 1 and 2 (Fig. 2), however showing evidence of a chromosome 
copy-gain (Fig. 3, patient 3). The estimated burden from variant allele 
frequencies was 60%. Ibrutinib treatment was initiated shortly after CNS 
relapse with a reduction of CSF leukocytes from 170,000 to 39,000 cells/ 
ml within three weeks. The patient progressed four weeks after relapse 
was identified and died five weeks after. 

Patient 4: Male, age 72, diagnosed with MCL (stage IV A) followed by 
induction treatment with R-CHOP. Relapse occurred 2 years after 
diagnosis, where PET/CT showed bilateral intraocular tumor infiltra-
tion, and a dorsal tumor was detected with a high number of clonal B 
cells (93% by FC). Assessment of the infiltration of corpus vitreum by 
fundoscopy confirmed the CNS relapse (Fig. 4), while no malignant cells 
were present in the CSF. The patient responded immediately to ibrutinib 
treatment and attained complete remission, examined by PET/CT two 

Fig. 1. Allelic imbalance of chromosome 1q 
was observed in three of the four mantle cell 
lymphoma cases: in two at relapse in the 
central nervous system (patient 1 and 3, 
cerebrospinal fluid (CSF)) and one at diag-
nosis (patient 2). Each individual plot displays 
the allele frequencies of heterozygous variants 
(VAF) on chromosome 1 and significant devia-
tion, or imbalance, from normal disomy. In all 
three cases, the aberration spanned almost 100 
megabases distal to the centromere, and thus 
the majority of the q-arm. Sequencing of patient 
2 CSF relapse material failed and thus could not 
be evaluated (*). All three evident allelic im-
balances on the q-arm were significantly 
different from the p-arm (***, Wilcoxon rank- 
sum test:p ≤ 10−4, Kolmogorov-Smirnov test of 
equal distributions: p ≤ 10−4).   

Fig. 2. The size of the allelic imbalance on chromosome 1q was found to be approximately 100 megabases distal to the centromere across the three patients with 
apparent copy-alterations (the gradient marks the approximate starting point of the lesion of the four patients, as it is not possible to conclude the exact position from 
the whole-exome sequencing resolution). 
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months after onset. Despite recurrent pleura effusions, the patient 
remained in remission beyond 60 months. Measurable residual disease 
was below 0.04%, evaluated by FC, five years after diagnosis with an 
immunophenotype concordant with that of diagnosis. The most notable 
finding from WES was a double mutation in ATM, present at diagnosis 
and relapse, and 17p deletion (Table 2). No copy number alteration on 
chromosome 1 was detected. 

3. Discussion 

We have presented four cases of MCL, of which three were struck by 
an allelic imbalance/copy-alteration on chromosome 1q and displayed a 
very brief response to ibrutinib at CNS relapse. The treatment response 
was only sustained in one of the patients (pt. 4). This patient was devoid 
of malignant cells in CSF at CNS relapse and did not harbor a chromo-
some 1q loss or gain in the investigated materials. The WES copy- 
number profiling was based on the detection of allelic imbalances by 
variant allele frequencies and relative read-depth ratios, as previously 
implemented in the molecular profiling of four other patients with MCL 
using WES [6] (see also [7] and [5]), with the exception that the 
coverage of chromosome 1p arm was used for internal confirmation of 
the 1q copy number alteration, and to circumvent sequencing batch 
effects. All read depth ratios were normalized to that of the respective 
paired control. 

While the knowledge supplements the current reports on MCL found 
within the CNS, by the fact that chromosome 1q copy number alterations 
are largely undescribed, it remains unclear whether the lesions, comprising 
almost the entire chromosomal q-arm, contribute to any phenotypic attributes 
of CNS infiltrating MCL or whether these play any role in the treatment 

resistance to ibrutinib. Chromosome 1p or 1q deletions and amplifications 
have been reported in other lymphomas [1, 4, 8] but extensive 1q 
copy-number alterations seem to be rare in MCL. A few cases of 1q de-
letions have previously been demonstrated in two MCL cell lines and five 
patient samples with single nucleotide polymorphism genomic micro-
arrays [9], which are capable of finding both copy altering and 
copy-neutral events by allelic imbalance, but not to definitely deduce 
the copy state on its own. Such 1q aberrations are thus candidates for 
further investigations. We hope that this report may help other re-
searchers to progress towards a better understanding of this 
often-aggressive disease. 
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Fig. 3. Coverage of the chromosome 1 q-arm 
region afflicted by allelic imbalance relative 
to the unaffected p-arm. Chromosome 1q of 
patient (pt.) 1 and 2 were evident of a copy-loss 
(A, dark gray), while a copy-gain was indicated 
for patient 3 (dark gray). All read depth ratios 
were normalized to that of the respective paired 
control. Samples without statistically signifi-
cant allelic imbalance on the q-arm (white) 
were in close agreement with the paired control 
samples. BM: bone marrow, LN: lymph node, 
CSF: cerebrospinal fluid, PF: pleura fluid, DT: 
Dorsal tumor. The chromosome 1q imbalance 
observed in patient 1, 2 and, 3 were supported 
by qPCR (TaqMan Copy Number Assay) tar-
geting the ABL2 gene (chromosome 1q25.2) 
and the reference gene TERT (chromosome 
5p15.33).   

Fig. 4. Fundoscopy showing infiltration of malignant cells in corpus vitreum at relapse (left and right eye). Patient 4 experienced a CNS relapse without 
cerebrospinal clonal B cells. The patient was still alive after 60 months, and the malignant cells did not show any aberrations on chromosome 1 in contrast to the 
other cases. 
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Malignant lymphoproliferative disorders collectively constitute a large fraction of the
hematological cancers, ranging from indolent to highly aggressive neoplasms. Being a
diagnostically important hallmark, clonal gene rearrangements of the immunoglobulins
enable the detection of residual disease in the clinical course of patients down to a min-
ute fraction of malignant cells. The introduction of next-generation sequencing (NGS)
has provided unprecedented assay specificity, with a sensitivity matching that of poly-
merase chain reaction-based measurable residual disease (MRD) detection down to the
10−6 level. Although reaching 10−6 to 10−7 is theoretically feasible, employing a suffi-
cient amount of DNA and sequencing coverage is placed in the perspective of the prac-
tical challenges when relying on clinical samples in contrast to controlled serial
dilutions. As we discuss, the randomness of subsampling must be taken into account to
accommodate the sensitivity threshold—in terms of both the required number of cells
and sequencing coverage. As a substantial part of the reviewed studies do not state the
depth of coverage or even amount of DNA in some cases, we call for increased trans-
parency to enable critical assessment of the MRD assays for clinical implementation
and feasibility. © 2021 ISEH – Society for Hematology and Stem Cells. Published by
Elsevier Inc. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/)

The minimal/measurable residual disease (MRD) con-
cept and its use in hematology have been reinforced in
the last couple of years as next-generation sequencing
(NGS) has become more accessible to clinical laborato-
ries after a continuous increase in sequencing capacity
and lowered costs. The introduction of NGS has pro-
vided improved resolution of the nucleotide composi-
tion of the gene rearrangements in both B and T cells,
making it highly effective for longitudinal surveillance
of a single but also multiple coexisting clones. Much
work has already focused on superseding the high sen-
sitivity provided by quantitative polymerase chain

reaction (qPCR) while increasing assay specificity and
circumventing the need for patient-specific PCR pri-
mers/probes. Because clonal gene rearrangements pro-
vide specific signatures of both B-cell receptor (BCR)
immunoglobulins and T-cell receptor (TCR) chains,
these target sequences are of immense importance in
the diagnostic workup, and sometimes prognostically,
because they can serve as a target for MRD quantifica-
tion in the setting of malignant lymphoproliferative dis-
orders. A frequent notion on assay sensitivity relates to
the capability of detecting residual malignant cells
among normal counterparts down to one malignant cell
out of a million healthy cells and potentially beyond.

Constituting a key component of the adaptive
immune system, the B lymphocytes are highly special-
ized in antigen presentation, BCR antigen binding, and
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mounting a humoral response by the secretion of anti-
bodies. The flexibility and extensive diversity of the
immunoglobulins are generated primarily by gene rear-
rangements of the light and heavy chain loci. The pro-
found implication is that the genomes of differentiating
lymphocytes are not static in these regions, introducing
irreversible genomic changes. It is this highly specific
signature of the immunoglobulins that is exploited in
diagnostics and MRD laboratory assays (Figure 1).
After the naive B cell encounters an antigen, it may
undergo additional somatic hypermutations. Although
clonal proliferation also represents a normal counterac-
tion inherent to the immune response, acute or chronic
excessive expansion can be the result of a malignant clonal
transformation, with a distinct clonotype constituting the
lymphoproliferative disorder. The motivation for perform-
ing NGS analyses of clonal gene rearrangements is both to
identify the presence of clonal lymphoproliferation by a
specific unique gene rearrangement at diagnosis and to
detect a minute amount of residual disease of this clono-
type during clinical remission or as an early sign of relapse
at follow-up.

In this perspective, we critically approach the topic
of sensitivity in the setting of MRD detection by
sequencing of clonal immunoglobulin heavy chain
(IGH) gene rearrangements (Figure 1) in lymphoid neo-
plasms. We evaluate how sensitive measurable disease
detection is being performed by ultrahigh sequencing
coverage, potential technical problems to consider, and
biological pitfalls to establish a more nuanced dis-
course of the sensitivities. Foremost, we address the
theoretical amount of DNA and sequencing reads
needed to confidently detect MRD at a given sensitivity
level and factors that may influence the resolution.

Although the topics are narrowed to IGH gene rear-
rangements, the general discussion also pertains to light
chain and T-cell receptor gene rearrangements. For
general reviews on the topic of MRD detection by
means of clonal gene rearrangements, we instead refer
to previously published general overviews [1−6].

Detection of residual lymphoproliferative disease
It has long been recognized that MRD during remission
is of prognostic value, hence there is a strong incentive
for pushing the limit of detection further to detect even
smaller amounts of clonal cells than possible with cur-
rent qPCR techniques. The topic has been explored
extensively throughout the last two decades, most
recently by NGS owing to its scalability, specificity,
sensitivity, and, equally important, the avoidance of
patient-specific assays. The undetectability of MRD
after intervention in acute lymphoblastic leukemia
(ALL) provides an improved measurement of favorable
prognosis when evaluated by NGS in comparison to
flow cytometry [7,8]. Although ALL, and lately multi-
ple myeloma (MM), has received much of the atten-
tion, the use is widening to other malignancies, such as
chronic lymphocytic leukemia (CLL) [9]. Thompson
et al. [9] reported that the majority of patients found
MRD negative by flow cytometry had measurable dis-
ease when evaluated with NGS down to the 10−6 level,
but they also noted that the recent developments in
flow cytometry may provide a resolution comparable to
that of NGS. Patients with undetectable MRD using
NGS were found to have superior progression-free sur-
vival [9]. Moreover, MRD was evaluated to be a deter-
mining factor in the risk of relapse after stem cell
transplantation [10], using TCR and immunoglobulin
gene rearrangements as MRD targets using PCR in
patients with relapsed ALL. Patients with less than 1 in
10,000 malignant cells had a higher probability of
event-free survival and a lower cumulative incidence
of relapse. One interesting finding of these results
related to a “dose-dependent” relation between the
level of residual malignant cells and event-free survival
(Figure 1).

Before the implementation of NGS, qPCR provided
a leap in the detection of clonal gene rearrangement,
normally reported within the range of 10−4 to 10−6

[11], compared with DNA fragment analyses. Before
qPCR, Southern blots had been the gold standard. In a
thorough introduction to the topic of clonal gene
recombinations concerning the standardization of PCR
protocols (BIOMED-2), van Dongen et al. [12]
assessed the sensitivity of Southern blots to be in the
range 5%−10% but cumbersome. That article provided
recommendations for PCR that are still highly relevant
in the age of NGS. Although both immunoglobulins
(IGH, IGK, and IGL) and T-cell receptor genes

Figure 1. The complementarity-determining regions (CDR1−3) of

the immunoglobulin variable domain (VH or VL) provide the diver-

sity for antigen binding. The hypervariability directly stems from
the DNA rearrangement of the variable (V), diversity (D), and join-

ing (J) genes in the heavy chain locus and the V and J genes in the

immunoglobulin light chain (not shown here), whereas the constant

regions of the immunoglobulin (CL or CH) do not provide specific-
ity toward an antigen. To amplify parts of the rearranged locus, the

PCR primers (! or  ) target conserved framework regions in the

leader sequence present in the beginning of VH (not shown) or in

the VH genes (FR1−3) and JH genes (FR4).
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(TCRB, TCRD, and TCRG; TCRA was not included in
PCR) were addressed in the study, one important fact
was that not all expanded clonal gene rearrangements
arose from an underlying malignancy. This argument is
of course central to the strategy of mapping diagnostic clo-
notypes before reliable MRD measurements can be
achieved, regardless of the assay type. Gene rearrange-
ments are not directly lineage specific, as aptly exemplified
by immature acute B- and T-cell leukemias [13−15], and
not all lymphocytic neoplasms necessarily have a detect-
able rearrangement with the applied technologies. In
approximately 80%−90% of the studies referred to here, a
gene rearrangement is identified [16−18]. As such, a cen-
tral part of the NGS MRD assay is to identify the primary
clonal gene rearrangement, that is, the clonotype, at diag-
nosis to implement in follow-up quantification. Failure to
detect any diagnostic clone may arise from primer issues,
biologically incomplete gene rearrangement [19], or possi-
bly immature malignancies devoid of rearranged immuno-
globulin.

Although the concept of MRD has existed and been
used extensively in hematology for several decades, the
underlying foundation, methods, and calculations have
changed and lack standardization when relying on NGS
modalities. Currently, it is assumed that NGS has a clinical
capability of detection down to the 10−7 sensitivity level
[6], although such achievements have not fully been dem-
onstrated in practice. This level of sensitivity may eventu-
ally be demonstrated empirically, without the use of
extrapolating standard curves from serial dilutions, which
is statistically feasible when larger cohorts are analyzed.
However, its general applicability remains somewhat spec-
ulative, especially because of the increased cost of reach-
ing such a high sensitivity.

Recently, Yao et al. [20] reported concordance
between allele-specific oligonucleotide qPCR (ASO-
qPCR) and NGS, similar to that described in earlier
studies [21], in terms of MRD negativity and positivity
detection but also comparable dynamic ranges. The
authors provided information on the sequencing depth
and the rationale for obtaining 10−5 by employing trip-
licates of 1 mg each [20] and commented critically on
articles pushing the sensitivity two orders of magnitude
down to the 10−7 level. Considering the notion that
“sequencing assay sensitivity is limited only by the
number of input cells and thus can detect residual dis-
ease at levels well below 1 in 1 million leukocytes”
[22], one may question how sequencing coverage is
being taken into account. The number of reads was in
this particular article stated as 106, and thus, Poisson
sampling may have a detrimental effect on the assay. It
cannot be assumed that the DNA of the cells will be
converted to sequencing reads in a one-to-one manner.
However, if the sensitivity is based on a total number
of, for example, nucleated cells, then the identification

of a clonal sequence among background immunoglobu-
lin gene rearrangements may suffice without reaching
the aforementioned coverage threshold.

A proper sensitivity is not just detecting one in a
million cells
On one hand, it may important to ask why the sensitiv-
ity cannot go lower than currently reported, and on the
other hand, how such a threshold is feasible in practi-
cal terms and how it is evaluated [6]. Although sensi-
tivities of 10−6 are reported in the literature (Table 1),
stable detection of one clonal cell in a million is,
empirically, another issue. Neither does sporadic MRD
negativity at 10−6 correspond to an established assay
sensitivity at this level, nor do serial dilution assays,
for example, demonstrating linearity down one in a
million, provide applicable or robust assays for the
clinical laboratory. Another issue relates to the biologi-
cal aspects. As Thompson et al. [9] briefly note, MRD
values below 10−6 do not necessarily indicate a cure
[9]. It is impossible, logically, to establish a limit at
which long-term event-free survival can be guaranteed.

Several criteria must be addressed before achieving
high sensitivity. MRD assessment based on detection
of somatic single or short nucleotide variants is limited
by the error rate of the sequencing platform [36] and,
thus, is potentially detrimental to the specificity of the
assay. This poses less of a problem in the detection of
B- or T-cell gene rearrangements, which rely on a long
sequence as the clonal fingerprint. However, it does
still relate to the number of base mismatches to accept
when including reads in the cumulative clonal fre-
quency. It is known that the effective error rate is not
constant across the length of the DNA sequence. Cur-
rently, there is no consensus on when to exclude reads
from the detected clonotype. As an example, the Lym-
phoTrack assay allows up to two mismatches (Instruc-
tions for Use, Nos. 280364 and 280473, Invivoscribe,
San Diego, CA, USA).

Role of PCR, stochastic subsampling, and the impact
on sensitivities
The process of drawing a liquid or tissue biopsy,
through DNA extraction, PCR, and NGS to the final
computational output of clonal sequences comprises
discrete steps that contribute to the final resolution.
Much effort has been exerted into understanding the
kinetics of polymerase chain reactions, in which the
amplification of DNA in most simple terms can be
described as an exponential growth rate, depending on
the starting amount, amplification efficiency, and num-
ber of thermocycles (Figure 2A). One oversimplifica-
tion of this model relates to the PCR amplification of
immunoglobulin stretches in the diagnostic sample,
which involves multiple primers targeting consensus
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sequences in the leader region and FR1, FR2, FR3, and
FR4 regions (Figure 1). Such multiplex reactions with
multiple templates may entail both different starting
concentrations and varying efficiencies. Thus, the PCR
end product can be considered as a sum of both identi-
cal, clonal sequences and nonidentical, background
sequences of amplified DNA as exemplified in
Figure 2A (Eq. 1). Although the ratio of amplified IGH
gene rearrangement from the malignant clone to that
from the background is expected to be constant before
and after PCR amplification (Figure 2A, Eq. 2), one
potential consequence of analyzing minute amounts of
target DNA from a patient in remission or molecular
MRD is that the sample or replicate may contain zero
copies. Also, uneven amplification may occur when the
clonotype amplification efficiency differs from that of
the immunoglobulin background. With each subsequent
step that makes up an MRD assay expected to follow a
Poisson distribution (Figure 2A, Eq. 3), the overall risk
of failing to demonstrate MRD increases dramatically
with a small amount of input and subsequent subsam-
pling (Figure 2B). Basically, and most importantly, the
Poisson distribution helps to predict the probability of
failing to detect MRD given the known mean number
of targets. Because this is actually not known, it is
fixed as the intended sensitivity level, and then this
probability distribution is implemented to theoretically
predict the amount of DNA needed. Undoubtedly, the

amplification efficiency and error rate will also affect
the sensitivity to some degree. In circumstances when
the amplification efficiency is lower for the clonal
sequence, the chain reaction may be rapidly skewed
during the PCR cycles (Figure 2A, Eq. 4).

One practical feature of the clonotype assays per-
tains to the high specificity; because these assays rely
on unique clonal sequences, they are very unlikely to
produce false-positive results, in contrast to MRD
using single-nucleotide variants, which is more fre-
quently employed in myeloid disorders. Instead, the
specificity is comparable to that of FLT3 internal tan-
dem duplications (ITDs) or other large indels—apart
from the fact that the ITD can be difficult to sequence
and analyze because of its variable size [33,36,37]. As
Thol et al. [24] emphasized, the “amount of DNA used
in the PCR amplification and the error rate of the
sequencing system are additional factors that may influ-
ence MRD sensitivity” [24]. Finally, false-positive
results may arise from cross-contamination between
samples [38−40], which is a known potential risk in
NGS [41]. This issue is relevant in research studies
involving longitudinal assessment of patient samples.

Reaching adequate amounts of DNA and sequencing
depths
One may expect that DNA from a million cells, crudely
equivalent to 6.5 mg, is sufficient to reach a sensitivity

Table 1. Reported sensitivities across selected studies

Study Disease Platform Amount of material/reads Estimated sensitivity Cohorta

[23] ALL PCR 1 mg, »6.5£ 105 cells 10−4−10−6 251 samples/168 patients
[10] ALL PCR (BIOMED-1) — 10−3−10−4 91 patients

[22] B-ALL NGS (LymphoSIGHT),

ASO-qPCR, FC

6.0£ 105

(0.9−17£ 105) cells

10−6 (10−7) 106 patients

[24] AML NGS (FLT3 /NPM1) 7,758 and 15,278
(393−24,997) reads

5£ 10−4 80 samples

[21] ALL/MCL/MM NGS, PCR (Multiplex) 1.5 mg (3£ 500 ng) 10−5 378 samples/55 patients

[25] ALL NGS (LymphoSIGHT) 10 mL PB/5 mL BM (MNCs) 10−4−10−6 237 samples/29 patients
[26] MM NGS (LymphoSIGHT) <300,000 cells 10−3−10−5 133 patients

[27] B-ALL FC >750,000 cells 10−4 2,479 patients

[7] B-ALL NGS (ImmunoSeq IgH) 3 mg (sequences) 10−7 41 patients

[28] MM FC — 10−4 700 patients
[29] MM FC »107 cells 10−5−10−6 385 samples/patients

[30] B-ALL NGS (BIOMED-2) 500 ng 10−4 (−10−5) 228 samples/30 patients

[31] MM NGS (LymphoSIGHT) 103 (59−288) mg/
19 (6−36) mg

10−6−10−7 125 patients

[32] B-ALL NGS (LymphoTrack) 0.5−5 mg (105 reads) 10−6 122 samples/30 patients

[33] AML NGS (FLT3 -ITD) 0.7 mg, »100,000 cells 10−5 80 patients

[34] MM NGS (LymphoSIGHT) — 10−6 700 patients in overall study

[8] B-ALL NGS (ImmunoSEQ), FC 0.4−8 mg 10−6 619 patients
[20] MM NGS (Lymphotrack) 3£ 1 mg 10−5 4 patients

[9] CLL NGS (ClonoSEQ) N/A (>1.9£ 106 cells?) 10−6 62 patients

[17] T-ALL NGS (capture-based panel) 0.6−1 mg 10−4−10−5 23 patients
[35] MCL PCR (digital droplet) — 10−4−10−5 416 samples/166 patients

[16] ALL NGS (RNA) 0.4−1mg 10−4−10−5 258 patients

B-ALL=B-cell acute lymphoblastic leukemia; FC=flow cytometry; MCL=mantle cell lymphoma; T-ALL=T-cell acute lymphoblastic leukemia.
aCohort is defined as estimated number samples and/or estimated number of patients included.
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of 10−6. However, calculations reveal that this is not
the case, or as van Dongen et al. [2] explain, “the sen-
sitivity of HTS [high-throughput sequencing] is depen-
dent on the number of analyzed cells and the
corresponding amount of DNA” [2]. It is concluded
that a small amount, well below a million cells, for
example, 2−4 mg, will not suffice. Even with several
million cells obtained at the starting point, 50% of the
total DNA may be lost during purification. A practical

option is to operate with a cell equivalent derived from
a known quantity of purified DNA, which is then piped
directly into the PCR amplification step.

Currently, there are several commercial assays such
as LymphoTrack (Invivoscribe) and clonoSEQ (Adap-
tive Biotechnologies, Seattle, WA, USA). As is exem-
plified in the clonoSEQ Assay Technical Information
(PNL-10027-02), a linear correlation between the
empirical and expected levels of MRD can be obtained

Figure 2. The individual steps of the workflow of measurable disease detection affect the final sensitivity of the assay. In its most simple form,
the PCR may be described as a power function, where the DNA molecule is doubled for each cycle (C): 2C. However, the PCR amplification of

gene rearrangements may be considered as a multiplex reaction, each with potentially different sequences and affinities between primers and tar-

get and, consequently, chain reaction efficiencies (E ≤ 1). The PCR product is thus a sum of the individual reactions (Eq. 1, Ni). In some cir-

cumstances, the efficiency of the clonotype sequence amplification may be lower than that of the background resulting in a skewed ratio (Eq. 2,
RPCR 6¼ 1), which is augmented by the number of cycles (C). The biological sample drawn from the patient and the subsequent laboratory steps

(A) (n) may be interpreted as a stochastic process of subsampling, each following a Poisson distribution (Eq. 3). It simply describes the proba-

bility of observing the specified number of independent events, that is, rearrangements, when considering the amount of cells/DNA relative to

the sensitivity level (denoted by λ). Note that the probability of a false-negative observation is here given as 1 − P(k = 0). If the PCR efficien-
cies are not comparable, that is, RPCR 6¼ 1, then this may heavily affect each step of the sampling and, hence, the final resolution (Eq. 4). The

simplified model shown here explains that at least three times (λ = 3 £) the number of cells/DNA, compared with the sensitivity level, must be

analyzed to attain confidence of approximately 90% when DNA sampling and sequencing are considered as 2£ individual steps (95% each) (B).
The DNA may be distributed in a single reaction or in replicates. Here, it also suggests that for each successive subsampling in the workflow,

the probability (p) of detecting a clone roughly decreases to the power of individual steps if the amount of material or reads if kept constant.

Consequently, the amount of material, sequencing depth, and so forth must match the desired sensitivity.
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at a wide dynamic range. However, a large variance or
coefficient of variation in the lowest detection range is
also observed, as expected from such assays. Multiple
research studies have used serial dilutions to reveal
dynamic ranges of detection down to 10−6 or 10−7

[22,32,42]. As with other biomedical laboratory assays,
the dynamic range found by serial dilutions in a con-
trolled setup may not be entirely indicative of the per-
formance in a clinical application. Although common
and generally accepted methods, such assays have limi-
tations that may lead to false indications on the level
of sensitivity.

The random fluctuation observed in the lower-range
measurements from serial dilutions is partly attributed
to variance, being inversely proportional to a decreas-
ing number of DNA molecules or cells. As Yao et al.
[20] warned, despite detecting residual disease at low
frequencies (10−5), the results “were not reproducible
among replicates” [20], consistent with the expected
variation described by Poisson statistics. Another con-
sequence of this stochastic nature is that if one wants
to determine that a certain assay can reach sensitivities
down to the 10−6−10−7 level, it crudely becomes a
matter of running enough samples.

From an analytical stance, one problem is evident in
the current body of literature: establishing a sensitivity
level set by the amount of input DNA. By providing
103 and 19 mg of DNA to assess MRD from autograft
and bone marrow (BM) cells [31], respectively, Taka-
matsu et al. [31] concluded that NGS provides a one to
two orders of magnitude increase in sensitivity com-
pared with ASO-qPCR (10−4−10−5). Because 0.6 mg
of DNA was used for the ASO-qPCRs [31], corre-
sponding to approximately 100,000 cells, the results
are not directly comparable. Furthermore, sensitivity is
not only limited by the amount of DNA used, as we
will argue. Converting the reads to MRD is another
matter. Yao et al. [20] provided useful guidelines in
the attempt to standardize the NGS MRD assay using
LymphoTrack and MiSeq, but they noted that there is
currently no consensus on the implementation of spike-
in controls in NGS [20]. In comparison, the clonoSEQ
assay additionally implements the total number of
nucleated cells for internal normalization.

Kotrova et al. [30] argued that although NGS is
commonly presented as the most sensitive modality,
with the number of reads being the main adjustable
factor, it is primarily a matter of sample input amount
and PCR efficiency [30]. Presumably, it is all three.
When MRD quantification is performed based on NGS,
it is important to aim at a sufficient number of reads to
obtain the desired sensitivity. Aiming at a number of
reads lower than that required by the desired sensitivity
[32] or not reporting the number of reads [31] poses a
problem when evaluating the assay. Reviewing NGS,

Takamatsu argued that the PCR products are sequenced
at least 106 times using high-throughput NGS to
achieve MRD detection of one in a million [43]. Con-
trary to the reasoning in an earlier article on monitor-
ing FLT3 -ITD and NPM1 mutations [24], 10,000
sequencing reads do not equal a sensitivity of 10−4,
nor do a million reads confidently reveal one in a mil-
lion cells (see also [22,24,44]). One of the strategies
has been presented as “Typically, the number of reads
exceeded the number of starting molecules, allowing
every starting molecule to be sampled” [22], while
being a statistical problem. As follows, a million reads
are not sufficient in most cases to reach a 10−6 detec-
tion level, nor to sample every starting molecule. If
each clonal gene rearrangement is successfully con-
verted to sequencing reads in an assumed one-to-one
manner, theoretically, it follows from the Poisson dis-
tribution that to confidently detect a single or more
clonal reads in 95% of the cases (Figure 2B), three
times higher coverage of the region and approximately
20 mg of DNA must be used. This amount is three
times as much as may be expected if the same initial
reasoning is used for DNA requirements. As Rustad
and Boyle phrased it, calling the phenomenon the “rule
of three,” reaching 1 in 10 million is more than a tech-
nical challenge [45] and requires a minimum of 30 mil-
lion cells. One can easily envision an exhaust of
biological material, while reaching a low 10−7 detec-
tion level. As exemplified statistically, as crude as it
may be, this corresponds to just around 200 mg of
DNA, when estimating the amount of DNA in each
cell to be approximately 6.5 pg. A quarter more is
needed to lower the theoretical false-negative rate from
5% to 2%, that is, corresponding to four times the
effective sensitivity level (Figure 2B). On the basis of
these calculations, even the impressive assessment of
MRD in autografts using 103mg (59−288mg) of DNA
[31] may fall short of the material needed to reach the
desired threshold with sufficient confidence. It is real-
ized that the “rule of three,” derived from the Poisson
distribution, may be insufficient in practice [45]
because one would expect a loss of material, carrying
DNA from several laboratory steps or if the conclusion
requires more than a single observation to confirm
MRD clinically. This theoretical basis also justifies the
use of replicates when requirements are not met for
each individual analysis. It has previously been
assessed that replicates mitigate experimental errors
and increase the reliability and statistical power of the
NGS assay [46,47] in comparison to the increased
depth of coverage. Although several factors influence
this effect according to whether a technical or biologi-
cal replicate is implemented, it is trivial to see that the
effective probability of an assay failure decreases with
the number of replicates. In its most simple form, this
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can be described as the combined probability p(false
negative)n, where n is the number of independent repli-
cates. Thus, even relatively high error rates can be
reduced effectively, such as widely used triplicates in
qPCR.

Type of material used in MRD measurements
Another pertinent question relates to the specific type
of material on which to base MRD measurements: are
amplified immunoglobulin sequences based on bulk or
mononuclear cells (MNCs) from bone marrow cells
comparable to those from purified B lymphocytes? Cur-
rently, no studies consistently indicate that isolation of
B cells using a cell sorter, or a magnetic separation
system, is required to reach a high level of sensitivity
or that it outperforms analyses on MNCs, and most
current studies using sequencing of clonal gene rear-
rangements as an MRD tool do not rely on cell sorting.
Also relevant is whether to base MRD measurements
on peripheral blood, BM, circulating cell-free tumor
DNA (ctDNA), and so forth. Selecting appropriately is
emphasized by reports of differential levels of detec-
tion, such as BM versus peripheral blood in CLL.
Many lymphoma subtypes are aleukemic and often
have no bone marrow involvement. In this setting,
ctDNA MRD detection is eagerly warranted, and pre-
sumable sensitivity issues become even more challeng-
ing. Recently, detection of circulating DNA from
multiple myeloma cells has gained interest because of
the ease of sampling compared with bone marrow
biopsy. Although the detection has been backed by sev-
eral reports [48−52], it has also been concluded that
there is generally no correlation between circulating
tumor DNA and BM MRD levels [53]. In contrast, a
direct correlation between clonal concentration in BM
and peripheral MNCs, evaluated by sequencing, has
also been reported [54].

From a clinical perspective, other problems may
arise. A patient brought into deep remission potentially
experiences severe therapeutic lymphocyte depletion.
In such instances, the sorting of B cells may only pro-
vide a small amount of DNA. Whereas bulk or MNC
DNA from BM, peripheral blood, or other sources may
provide enough material to reach the desired sensitiv-
ity, it is methodologically different from sorted cells,
and the results cannot be directly compared. Although
cell sorting may potentially increase the sensitivity, it
may lead to a loss of material and present additional
sample requirements, such as in cryopreservation.
Thus, choosing a strategy or assay suited for a specific
purpose is imperative. To provide an example, one
assay can be based on calculating the fraction of clonal
sequences relative to total nucleated cells, as men-
tioned previously; another may instead define MRD as
clonal cells per million or rely on a spike-in control

equivalent to a fixed number of cells. Unarguably, the
different approaches will also perform differently under
MRD circumstances in which the patient may be
depleted of B cells.

Another ongoing discussion relates to the suitability
of formalin-fixed paraffin-embedded (FFPE) tissue
specimens. Even though thorough studies have found
that FFPE of shorter amplicon length can be used diag-
nostically to establish an MRD marker [42,55], it can-
not currently be recommended for the application of
sensitive clinical MRD measurement because of the
requirements regarding concentration, DNA integrity,
and number of usable reads. As determined by Arcila
et al. [39], FFPE samples were generally of lower cov-
erage and had a higher failure rate. Finally, as an alter-
native to DNA, RNA is another choice of nucleic acid,
which is not explored in depth here. One potential
advantage of RNA is that the clonal sequence may be
highly expressed, as explored recently in a cohort of
258 diagnostic childhood B-cell ALL cases [16].
Another study found that although the leukemic clone
could be identified in both DNA and RNA, the tran-
scriptional clonal frequencies were generally lower
[56]. Caution is warranted because not all rearrange-
ments are transcribed, as reported by several studies
[57−59]. As RNA sequencing has often been per-
formed using shorter reads in its more general applica-
tion, the robustness becomes apparent from the results
presented by Blachly et al. [60], who reported striking
concordance between Sanger sequencing and NGS
using 91 and 50 nucleotide paired-end reads. In that
study, no targeted enrichment was performed and only
a minor fraction of the reads mapped to the IGH region
of the genome.

Standardization of NGS MRD
It has become clear that standardization is important to
the future clinical applicability of MRD detection
employing NGS. Such work is currently being per-
formed by the EuroClonality−NGS consortium, which,
in the recently published standardizations of IGH and
TCR NGS, has presented protocols and guidelines for
MRD marker identification and, not directly, the detec-
tion of MRD [61]. However, it seems that the pieces
are currently being put together at a rapid pace;
Kotrova et al. [62] presented a protocol on behalf of
the EuroClonality−NGS Working Group, which may
help to increase assay reproducibility and leverage the
NGS MRD field. The consortium also provides soft-
ware for the analysis and interpretation of large
amounts of immunogenetic data [63]. Although many
researchers may implement commercial assays, such as
LymphoTrack and clonoSEQ, there is a need for stan-
dardized general guidelines for the implementation of
NGS MRD targeting clonal gene rearrangements.
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Currently, this still leaves several issues regarding
“how low you can go,” by practical means, largely
unsettled. Standardizing all aspects of such assays,
including guidelines for reaching a stable sensitivity, is
a huge undertaking still raising many questions, both
technically and biologically, and will expectedly con-
tinue for years.

Conclusions
Much work has been focused on designing and stan-
dardizing primers, but the guidelines involving type
and sufficient amount of input material, adequate num-
ber of on-target sequencing reads, sequence similarity
threshold for determining clonotypes, cross-contamina-
tion, and other factors have not been addressed to the
same extent. A critical assessment of the practically
feasible sensitivity is often lacking or is approached
using serial dilutions to determine a high sensitivity.
Although agreeing that NGS provides high sensitivity
and specificity, we find that there is a need for a more
critical and standardized evaluation of MRD detection.

We suggest that guidelines for MRD assessment using
NGS must stringently include the depth of coverage.
The total number of sequencing reads attained is not a
reliable measure as reads may be unspecific targets
because of the competitive binding of primers in DNA
samples with a small amount of lymphocyte DNA.

Such guidelines, and reports of the results, must at
least include the amount of DNA used in the assay, but
also considered in subsequent steps such as PCR and
library preparation; the actual number of reads for each
sequenced sample and the effective depth of coverage
for clonal reads; transparent calculations of the
achieved MRD sensitivity; and the use of mismatch
thresholds or strategy when evaluating sequence devia-
tions from the diagnostic clone. Other points raised
pertain to the most optimal biological sample type for
a given disorder, potential enrichment strategies such
as MNC, and the possibility that such measures may
potentially be detrimental for the assay, such as retriev-
ing a small number of cells by cell sorting. Most often,
the cellular composition changes during treatment.

Table 2. Selected issues and concerns when detecting measurable disease by targeting immunoglobulins

Subject Consideration

Type of material used Is the biological sample suitable in terms of the type of leukemia or lymphoma?

Is the quality sufficient for the intended sensitivity? For example, is it derived from mononuclear
cells, sorted cells, FFPE, etc.?

Biological differentiation If the investigated malignancy is very immature, there is a risk that the rearrangement has not taken

place.

Using RNA instead of DNA Potentially nontranscribed rearrangements, decreased stability, and a higher degree of mismatch. How-
ever, the number of transcripts may also be substantial.

Amount of material Does the number of cells and DNA support the desired sensitivity level?

Implementing cell sorting Does sorting provide improved resolution, lead to loss of material or more complex workflow, or

change the interpretation of sensitivity level?
Effects of subsampling Subsampling cannot be avoided because even drawing a sample or sequencing can be regarded as

downsampling or Poisson sampling. The probability of drawing the MRD clone may be described by

the Poisson distribution.
Implementation of

assay replicates

Replicates may lower the effective assay failure rate and may influence the sensitivity, but may also

increase the running costs.

Cross-contamination Is there a risk of cross-contamination? Is this risk higher in research projects, where longitudinal sam-

ples may be included in the same PCR and sequencing chip?
Sensitivity level What sensitivity level is needed for the assay? Does the amount of DNA and sequencing reads reflect

this?

PCR efficiencies Is the PCR amplification efficiency of the clonotype comparable to that of the background?

Sequencing platform Which sequencing platform should be chosen?
What potential difference in error rate is expected?

Read depth and quality Does the number of reads comply with the intended sensitivity level?

How many reads are unmapped?
Is the error rate constant between 50 and 30, and does it affect the assay sensitivity?

Specificity Do the sample quality, nucleotide error rate, algorithm mismatch threshold, amplicon, sequencing read

length, etc., support the intended specificity?

Clonotype mismatch What number of nucleotide mismatches is acceptable and what algorithm should be chosen to define a
clonotype?

MRD calculations How is MRD defined and is it transparent? Does it depend on the total number of cells or a spike-in

control? Does it implement a probability distribution, potential skew in PCR efficiencies, etc.?

Background level At what read threshold does an identified rearrangement define a clonotype in comparison to the back-
ground level?

Testing sensitivity by

serial dilutions

Does the serial dilution assay adequately describe the actual sensitivity of the assay?
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Also, in research settings, when several longitudinally
acquired samples may be analyzed in the same batch,
the risk of cross-contamination or sample carryover
must be evaluated.

Because the scope of this perspective is limited to
raise awareness of some of the pitfalls when perform-
ing detection of residual malignant lymphocytes with
rearranged immunoglobulins by NGS, it is not possible
to provide an exhaustive review of the topics. In sum-
mary, we have touched on some of the considerations
provided in Table 2. Importantly, what the investigator
must realize is that from the point when a sample is
drawn from the patient, the sensitivity of the method is
affected in all subsequent laboratory steps toward the
final processed sequencing output. In an oversimplified
example for the sake of clarity, one may visualize the
extraction of approximately 6.5 mg of DNA, that is,
1 million cells. The MRD level is 10−6 so if the proba-
bility of drawing a sample of one or more malignant
cells is theoretically 63%, then this may be reduced
further to 40% when sequencing to a depth of coverage
of 1 million (see Figure 2B). Sampling 3 million cells
and obtaining three times the depth theoretically aver-
ages this figure to 90%; however, many other factors,
such as quality, source of material, and PCR kinetics,
influence the assay. Van Dongen et al. [2] and other
researchers mentioned here have already touched on
the issue of lack of standardization, but discussion of
the topic is still required several years after the intro-
duction of the NGS/HTS MRD assays. We advocate
that transparent information, such as depth of coverage
and the MRD calculation method, is mandatory when
reporting the sensitivity of the assay.
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Abstract 

Background 

Rapid and practical DNA-sequencing processing has become essential for modern biomedical 

laboratories, especially in the field of cancer, pathology and genetics. While sequencing turn-over 

time has been, and still is, a bottleneck in research and diagnostics, the field of bioinformatics is 

moving at a rapid pace – both in terms of hardware and software development. Here, we 

benchmarked the local performance of three of the most important Spark-enabled Genome analysis 

toolkit 4 (GATK4) tools in a targeted sequencing workflow: Duplicate marking, base quality score 

recalibration (BQSR) and variant calling on targeted DNA sequencing using a modest 

hyperthreading 12-core single CPU and a high-speed PCI express solid-state drive.  

 

Results  

Compared to the previous GATK version the performance of Spark-enabled BQSR and 

HaplotypeCaller is shifted towards a more efficient usage of the available cores on CPU and 

outperforms the earlier GATK3.8 version with an order of magnitude reduction in processing time 

to analysis ready variants, whereas MarkDuplicateSpark was found to be thrice as fast. 

Furthermore,  HaploTypeCallerSpark and BQSRPipelineSpark were significantly faster than the 

equivalent GATK4 standard tools with a combined ~86% reduction in execution time, reaching a 

median rate of ten million processed bases per second, and duplicate marking was reduced ~42%. 

The called variants were found to be in close agreement between the Spark and non-Spark versions, 

with an overall concordance of 98%. In this setup, the tools were also highly efficient when 

compared execution on a small 72 virtual CPU/18-node Google Cloud cluster.  

 

Conclusion 

In conclusion, GATK4 offers practical parallelization possibilities for DNA sequence processing, 

and the Spark-enabled tools optimize performance and utilization of local CPUs. Spark utilizing 

GATK variant calling is several times faster than previous GATK3.8 multithreading with the same 

multi-core, single CPU, configuration.  The improved opportunities for parallel computations not 

only hold implications for high-performance cluster, but also for modest laboratory or research 

workstations for targeted sequencing analysis, such as exome, panel or amplicon sequencing. 
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Introduction 
The Genome Analysis Toolkit (1, 2) (GATK, Broad Institute, MA, USA) has been of tremendous 

value to bioinformaticians and biomedical research laboratories involved in next generation 

sequencing (NGS). The original GATK papers by McKenna et al. and DePristo et al. (1, 2) have 

been elaborated on and referenced extensively, emphasizing its wide usage in research. Not only 

did it provide a framework for consistent analysis of NGS data, but it also confronted the problem 

of inconsistent assignment of base quality scores by the different sequencing platforms. More 

importantly, GATK has also helped in the local realignment of reference genome mapped reads. It 

was observed that without these precautions, one in five called variants could be assigned false 

positives (2). From a clinical or a research point of view, the lack of such realignment is devastating 

for the downstream interpretation of somatic mutations in cancer detected with MuTect (3) or other 

somatic callers.  

 

The preceding year has offered several advances to general bioinformatics and processing of 

sequencing data: First, 2018 offered new modestly priced chips, such as the 12 to 18-core CPUs 

launched in the fourth quarter by Intel and the 32-core by AMD. Secondly, solid state drives (SSD), 

which have been a necessity for practical handling of large sequencing files (4), have experienced a 

leap in read/write speed with the introduction of consumer disks utilizing PCIe 3.0 hardware 

interface. On the software side, the release of GATK4 (software.broadinstitute.org/gatk) with its 

fast Spark capabilities has coincided with several of these hardware innovations, while cloud 

computing has also become more powerful, flexible and easier to use for parallelization. Thus, 

multithreaded or parallel sequence processing on contemporary platforms mediates a potential leap 

in the amount of processed data per unit of time, when exploited optimally. 

 

We benchmarked the quite novel parallelization of GATK4 based on Apache Spark (The Apache 

Software Foundation, MA, USA), which on one hand enables practical implementation in a high-

performance cluster, and on the other, it also enables efficient multithreading on single (or multiple) 

CPUs, which is evaluated here. In theory, this eliminates the need for the scattering of the data into 

chunks or intervals in order to utilize the full potential of the available cores on the machine. In 

practice, this is still a reasonable approach to increase somatic calling speed with MuTect2 (3) in 

version 3.8 and GATK4. Albeit more efficient in the latter version, Mutect2 still awaits to be 

“Sparkified”. Behind the motivation and reasoning for local multithreading and parallelization lies 
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the different needs in research, development and clinically applied bioinformatics, where a cluster 

may be impractical under some circumstances or may give rise to ethical concerns in clinical 

laboratory diagnostics. Thus, new possibilities to optimize GATK workflows on single machines 

are highly welcomed. For a recent benchmark of GATK4, not focusing on the Spark capabilities, 

see Heldenbrand et al. 2018 (5). 

 

Materials and methods 

Data used in this benchmark was generated from 93 paired-end sequenced samples based on 

mononuclear cell DNA derived from patients diagnosed with acute leukemia. Targeted panel and 

amplicon sequencing were performed at Münchner Leukämielabor GmbH (Munich, DE) and 

Department of Molecular Medicine (Aarhus University Hospital, Aarhus, DK), using the NovaSeq 

and MiSeq platforms (Illumina, San Diego, CA, USA). The median read length was 140 and the 

median number of sequencing reads were 28.9x106 (0.6x106–117.1x106). Paired-end whole exome 

sequencing data was downloaded from the 1000Genomes project data (6) (HG00121, read length: 

90, unaligned and aligned reads: 52x106). Compressed binary sequencing alignment files (BAM) 

were prepared by alignment to reference genome (GRCh37) using BWA (7) sorted by queryname 

or with subsequent coordinate sorting in Picard (Fig. 1).  

 

GATK4 Spark (version 4.0.12.0/4.1.1.0) on a stand-alone workstation was evaluated against the 

GATK4 non-Spark versions of MarkDuplicates, base quality score recalibration (BQSR) and 

HaplotypeCaller (n=93) in addition to GATK3.8 and Picard MarkDuplicates (version 1.95, default 

apt-get package) – the previous and thoroughly tested production tools used for targeted sequencing 

analyses on long term support Ubuntu version 14.04 at the hospital departments. GATK3.8 

processing was stopped after an adequate number of the samples had been processed for 

comparison (n=59) due to exceedingly long execution times. In addition to panel sequencing, we 

evaluated the command-line tools on single exome sequencing samples using the current minor 

release (4.1.1.0). All the metrics were gathered locally on a clean installation of Ubuntu (14.04 

LTS) using a single stand-alone mid-end workstation configured with a 12 core (24 logical cores) 

CPU (i9-7920X, 12x2.9GHz/4.3GHz boost, 16 MB cache, Intel, Santa Clara, CA, USA), 512 

Samsung (Seoul, South Korea) GB PCIe SSD (up to 3500 MB/s read/2500 MB/s write) and 32 GB 

DDR4 quad-channel RAM. GATK4 commands were invoked through the supplied wrapper script, 

running Java SE 8 (JRE build 1.8, Oracle). A memory swap file of 64 GB was created on the PCIe 
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SSD to tackle potential memory shortage. Disk performance and utilization during execution was 

additionally assessed with the linux iostat command. 

 

Cloud evaluation of the Spark-enabled tools (version 4.1.1.0) was performed on a small virtual 

cluster with 18 nodes (Google Cloud (GC) Platform, Google LLC, Mountain View, CA, USA), 

running Ubuntu 18.04 LTS and Apache Spark 2.4, with 72 virtual CPUs (vCPUs)  persistent SSD 

disks and 270 GB memory. Same GATK arguments as the local workflow described above were 

provided along with additional cluster specific arguments (Fig. 1). The number of executors and 

vCPUs, equivalent to the number of hyperthread cores, used for the comparison matched the 

number of nodes and available cores, respectively. The specific number of nodes used here was 

selected from performance testing of different node configurations with a fixed number of total 

vCPUs (i.e. 18x4, 9x8 and 4x18) and GATK4 Spark processing speed, hence the implementation of 

72 vCPUs. Performance was evaluated based on the public exome data set (HG00121 (6)). In 

addition, downsampling (15–75%) of the largest aligned panel sequencing data file used in this 

benchmark (5.3 GB BAM) to assess the idle initiation times of MarkDuplicateSpark, 

BQSRPipelineSpark and HaplotypeCallerSpark on the cluster. Reference genome, list of targeted 

regions and data files were loaded from GC data storage buckets upon execution. All exome 

processing and cloud tests were performed in triplicates. 

 

Results 

In this benchmark report we evaluate the multithreading capabilities of three of the most important 

tools in GATK4. Whereas the previous multithreading options in GAT3.8, not utilizing Spark, have 

largely been dropped, partly owing to its poor scalability and stability, the current version 

introduces sophisticated and unprecedented scaling possibilities, which is suited for contemporary 

hardware. This also holds potential for large scale analyses using cloud computing and clusters.    

   

The benchmark results showed a decrease in processing time with both the non-Spark and Spark 

tools, and a linear relationship between the number of handled bases and the amount of time spent 

per sample. GATK4 MarkDuplicates was twice as fast as the early Picard MarkDuplicates (version 

1.95) with a superior correlation between execution time and the number of bases processed (Fig. 

2A), whereas MarkDuplicatesSpark from coordinate sorted alignments showed an overall poor 

correlation and decreased efficiency in this setup with roughly ten million bases processed per 
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second, estimated from the median rate. Subsequently, we benchmarked alignments sorted 

according to queryname and the new documentation guidelines in version 4.1.1.0, which offered a 

stable version of MarkDuplicatesSpark. This provided a consistent and significant increase in speed 

(Fig. 2B, see Fig. 4A for exome data) by a factor of 1.7 (~3.6x107 b/s), compared to 

MarkDuplicates (~2.1x107 b/s)), and could utilize BWA output directly. Output from high-depth 

amplicon sequencing gave rise to a few outliers with lower speed.   

 

Combined base quality score recalibration and variant calling for panel and amplicon sequencing 

were seven to eight (6.7–8.0) times faster than the non-spark GATK4 counterpart (Fig. 3A, see Fig. 

4A for exome data), based on the median number of bases per second (b/s). Both tools were 

superior in terms of processed bases per unit of time, in comparison to GATK3.8, with nearly two 

(1.7–1.9) and up to 15-fold (11.15–14.6) increase in efficiency with the GATK4 non-Spark and 

Spark versions, respectively. The CPU usage in HaplotypeCallerSpark was close to full utilization 

of all 24 logical cores in major parts of the procedure (Figure 3B, randomly drawn sample) with 

less than 10 GB of RAM used at any time point in this setup. Likewise, BQSRPipelineSpark 

showed hefty bouts of CPU activity at near maximum utilization in its runtime as well as low RAM 

usage. The median processing rate of BQSRPipelineSpark and HaplotypeCallerSpark, combined, 

was ten million bases per second, highly comparable to the tested larger exome sequencing data, 

with each separate processing rate 2.1x107 and 2.0x107 b/s.  

 

Disk utilization is a potential limiting factor in the overall processing speed. However, the PCIe 

SSD read/write burden was found to be low during major parts of the GATK4 workflow in contrast 

to CPU load, with the exception of BQSRPipelineSpark initiation (Fig. 3C, 1.9 GB BAM). 

 

Variant concordance between GATK versions 

Next, we compared the panel sequencing variant output from GATK4 HaplotypeCaller with the 

respective variant call format (VCF) files generated by HaplotypeCallerSpark (Fig. 3D) and the 3.8 

version of HaplotypeCaller. The median concordance, calculated as the fraction of GATK4 variants 

identical to the observed variants for each set, was in the first case found to be 0.98 (Q1=0.90, 

Q3=0.99) and 0.99 (0.96, 1) with or without indels, respectively, at a read depth threshold of 100 

selected from a median depth 5801 (2629–6506). The median number of variants were 88 for 

GATK4 HaplotypeCaller and  90 for HaplotypeCallersSpark. The variant concordance to 
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HaplotypeCaller 3.8 was found to be 0.94 (0.92, 0.97) and 0.96 (0.94, 0.98), with 89 variants called. 

In each case, the number of called variants compared to standard GATK4 HaplotypeCaller was not 

significantly different (pMann–Whitney > 0.05) and the concordance was found to be largely invariant to 

decreasing read depth thresholds.   

 

Implementing Spark workflow for exome sequencing and the Google Cloud Platform 

Based on the results from the benchmark, we tested the Spark workflow on public whole exome 

sequencing data (HG00121) – from unaligned reads (52 million reads of 90 bases each) to analysis 

ready variants. The workflow combined BWA and the most current GATK4 MarkDuplicatesSpark, 

BQSRPipelineSpark and HaplotypeCallerSpark. Processing was completed in 28 minutes 

(measured in triplicates), of which BWA used 15 minutes. The combined GATK4 Spark rate 

corresponded to   5.9x106 b/s, or approximately 4 million reads processed every minute, and a 78% 

reduction compared to equivalent GATK4 non-Spark (Fig. 4A). Likewise, a 53% reduction relative 

to the effective 72 vCPU cluster processing rate was observed. However,  a second test using 

downsampling (15-100% of 106x106 aligned reads, 5.3 GB) to test reproducibility showed that idle 

script initiation, such as copying of the files from the databucket, consumed a large part of the 

cluster wall-time ( Fig. 4B). Therefore, for a fair comparison to the local machine utilizing a faster 

PCIe SSD, the benchmark baseline was adjusted accordingly. The equivalent speed was found 

comparable to the stand-alone workstation. We also observed that random downsampling did not 

alter the wall-time of HaplotypeCallerSpark, at least for the presented setup. This indicates that the 

number of variants influence the execution time, rather than the depth of coverage. Furthermore, it 

may cautiously indicate that a proper implementation of HaplotypeCallerSpark may provide 

extremely fast variant calling of large alignment files, such as whole genomes or exome sequencing 

with high depth of coverage. 

 

Discussion 

We observed that HaplotypeCallerSpark and BQSRPipelineSpark were significantly faster than the 

equivalent GATK4 standard tools with a combined 85% reduction in execution time, and with a 

median rate of one million processed bases per second. The called variants were found to be in 

close agreement with the non-Spark version, with an overall concordance of 98%. The tools also 

displayed a higher performance locally in comparison to the 72 virtual CPU/18-node cloud cluster. 

GATK4 Spark implementation of quality score recalibration and variant calling was efficient and 
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matched, or even outperformed, the configured cloud cluster in terms of processing time. This may 

only be true for smaller sequencing files of a few gigabytes or less. We argue that once the GATK4 

Spark tools enter stable release, HaplotypeCallerSpark and BQSRPipelineSpark will be highly 

suitable for targeted sequencing and even for fast processing of medium coverage exome 

sequencing on modern CPUs and disks. With the most optimal usage of the GATK4 tools 

subsequent to alignment, it is feasible to finish analyzing a whole exome or extensive panel 

sequencing with high depth of coverage and paired-end reads in less than one hour on a 

contemporary workstation, while following a workflow similar to current Best Practices with 

regard to sequencing preprocessing and germline variant calling 

(software.broadinstitute.org/gatk/best-practices). The results show that processing of approximately 

24–48 typical whole exomes of 50–100 million paired-end sequencing reads can be performed in a 

single day – and a larger amount of typical deep panel sequencing samples. 

 

From the analyses we found  both the Spark and non-Spark version of GATK4 MarkDuplicates to 

be fast and highly suitable for production use, while the BQSRPipelineSpark and HTCSpark 

provided efficient processing with minor deviation from non-spark variant calling. As GATK4 

MarkDuplicatesSpark performance has been a subject of online debate, we emphasize that sorting 

by queryname is extremely important before submitting the alignment to tagging or removal of 

duplicate reads. Of note, MarkDuplicatesSpark is suited for processing of BWA output directly, 

which makes the processing speed achieved here even more remarkable, and thus not directly 

comparable to the non-Spark version.  

 

As of early 2019, most of the GATK Spark tools are still offered in a beta version, and some tools, 

such as MuTect2, do not yet have inherent capabilities for parallelization. With the recent release of 

version 4.1, MarkDuplicatesSpark has moved beyond its beta version. Currently, pipeline tools 

other than the BQSRPipelineSpark have been released, such as ReadsPipelineSpark which accepts 

unaligned BAM and outputs analysis ready variants (VCF). From our evaluation the usage of this 

pipeline tool is confined to experimental testing as we have experienced several crashes just before 

the generation of the VCF file. We have also experienced close to physical RAM depletion at 

runtime. Thus, we recommend using more than 32 GB of RAM, as some Spark pipeline procedures 

may be memory-intensive. 
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In perspective, the current possibilities of installing high-end workstations with 32–36 physical 

cores, e.g. by using two Intel Xeon, X-series processors or even a single 32-core CPU with AMD 

RYZEN ThreadRipper (Santa Clara, CA, USA, launched in 2018), may render the need for cluster 

access superfluous in many research or clinical laboratories. Such impetus and innovations, as 

described, offer a viable and economical alternative to large high-performance clusters or to 

Illumina’s 2018 soft- and hardware acquisition, DRAGEN from Edico Genome, which boasts to 

process an entire genome (30x coverage) in just 25 minutes (Illumina). It had already proven its 

worth in 2015, when setting the world record in clinical whole genome analysis (8), and again in 

2018. While exciting, the analysis platform may be overshooting the target for the majority of 

researchers and laboratories involved in next generation sequencing analysis – in terms of 

production capacity and price. 

 

Conclusions 

In conclusion, the Genome Analysis ToolKit 4 offers unprecedented possibilities for parallelization, 

as shown here by the high efficacy and performance on local cores. It was shown to be several 

times faster than previous GATK3.8 multithreading with the same multi-core, single CPU, 

configuration.  The complexity of the toolkit – with regard to variant calling – is lowered compared 

to earlier variant calling with GATK3 Unified Genotyper, as indel realignment is omitted from the 

latest major version. In addition, GATK4 offers new tools which combines several earlier 

commands as pipeline versions, although still not as stable releases. It comes with “boxed” Spark 

capabilities per se without the need for clusterization in order to directly benefit from the innovation 

brought by the Broad Institute without Apache Spark installation.  

 

Key words: GATK4, Genome Analysis Toolkit, variant calling, next generation sequencing, Spark, 

Multithreading and parallel computing 

 

Declarations 

Ethics approval and consent to participate 

Ethics approval is not required according to National Committee on Health Research Ethics in 

Denmark (http://en.nvk.dk/how-to-notify/what-to-notify) in the current form of methods testing and 

quality control without any identifiable information.   

 

.CC-BY-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 19, 2020. ; https://doi.org/10.1101/2020.05.17.101105doi: bioRxiv preprint 

182



Consent for publication 

Not applicable. 

 

Availability of data and material 

The panel and amplicon sequencing data used in this study is not publicly shared as it is based on 

routine clinical hospital tests of leukemia patients with no other purpose in this benchmark than to 

gather performance metrics. All rights reserved to chief physician, phd, Hans B. Ommen (co-

author) and Aarhus University Hospital, Central Denmark Region. Data access can be granted on 

request if relevant and in accordance to national ethical guidelines. Contact corresponding author 

for more information. Exome data can be downloaded from The International Genome Sample 

Resource (www.internationalgenome.org, ID: HG00121) 

 

Competing interests 

MCH is a part time independent consulting biomedical engineer and part time research fellow at 

Odense University Hospital and Aarhus University Hospital. The other authors have no disclosures. 

None of the authors are affiliated with the Broad Institute, Cambridge, MA, USA, or have a role in 

the development of GATK.  

 

Funding 

Sequencing expenses was covered by AUH. All other parts of this study have been funded privately 

by MCH and by the Faculty of Health Sciences, University of Southern Denmark.  

 

Authors' contributions 

ATS and HBO provided clinical sequencing samples for the analysis, MCH performed all analyses 

described in the paper and wrote the draft. CGN conducted scientific supervision and assisted in 

finalizing the manuscript. All authors contributed to the manuscript. 

 

Acknowledgements 

The authors would like to thank Dina Mohyeldeen, MD, for a critical view on the final draft. We 

also wish to thank professor Peter Hokland, Aarhus University Hospital, for continuous scientific 

supervision and support.  

 

.CC-BY-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 19, 2020. ; https://doi.org/10.1101/2020.05.17.101105doi: bioRxiv preprint 

183



References  

Genome 
Analysis Toolkit: a MapReduce framework for analyzing next-generation DNA sequencing data. 
Genome Res. 2010;20(9):1297-303. 
2. DePristo MA, Banks E, Poplin R, Garimella KV, Maguire JR, Hartl C, et al. A framework for 
variation discovery and genotyping using next-generation DNA sequencing data. Nat Genet. 
2011;43(5):491-8. 
3. Cibulskis K, Lawrence MS, Carter SL, Sivachenko A, Jaffe D, Sougnez C, et al. Sensitive 
detection of somatic point mutations in impure and heterogeneous cancer samples. Nat Biotechnol. 
2013;31(3):213-9. 
4. Lee S, Min H, Yoon S. Will solid-state drives accelerate your bioinformatics? In-depth 
profiling, performance analysis and beyond. Brief Bioinform. 2016;17(4):713-27. 
5. Heldenbrand JR, Baheti S, Bockol MA, Drucker TM, Hart SN, Hudson ME, et al. 
Performance benchmarking of GATK3.8 and GATK4. bioRxiv. 2018. 
6. Genomes Project C, Auton A, Brooks LD, Durbin RM, Garrison EP, Kang HM, et al. A 
global reference for human genetic variation. Nature. 2015;526(7571):68-74. 
7. Li H, Durbin R. Fast and accurate short read alignment with Burrows-Wheeler transform. 
Bioinformatics. 2009;25(14):1754-60. 
8. Miller NA, Farrow EG, Gibson M, Willig LK, Twist G, Yoo B, et al. A 26-hour system of 
highly sensitive whole genome sequencing for emergency management of genetic diseases. 
Genome Med. 2015;7:100. 
 

 

  

.CC-BY-ND 4.0 International licenseavailable under a
was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprint (whichthis version posted May 19, 2020. ; https://doi.org/10.1101/2020.05.17.101105doi: bioRxiv preprint 

184



Figure legends 

 
Figure 1) Benchmark workflow and commands. Coordinate sorted binary alignment files (BAM) 

were prepared from targeted paired-end sequencing and used in the benchmark test of variant 

calling workflow using GATK4 Spark, GATK4 and GATK3.8 with Picard MarkDuplicates 1.95. 

The local single CPU tests were conducted on a 12-core (24 logical cores) workstation with 32 GB 

RAM. In addition, a cloud cluster was configured with 72 virtual CPUs (18 nodes) to assess 

processing of whole exome sequencing data and the largest panel sequencing sample together with 

local workstation. 
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Figure 2) Performance of MarkDuplicates (MD). A doubling in processing speed was observed, 

when comparing GATK4 MarkDuplicates with Picard MD. Both tools displayed a linear correlation 

between elapsed time and the number of bases processed (A), while the Spark version did not when 

using coordinate sorted alignments. The calculated rates were approximately 2.1x107 bases per 

second (b/s) for GATK4 MD and 1.1x107 b/s for Picard. The median rate for MarkDuplicatesSpark 

(MDSpark) on groupname sorted alignment was estimated to be 3.6x107 b/s or 1.7 times faster than 

the single-threaded GATK4 MarkDuplicates (B). The few outliers arise from amplicon sequencing.  
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Figure 3) Benchmark of Spark variant calling and efficiency. GATK4 Spark quality score 

calibration and variant calling combined (BQSRPipelineSpark and HaplotypeCallerSpark) was 

found to be several times faster than the non-Spark and GATK3.8 counterparts (A), with both tools 

efficiently utilizing multithreading and with low memory consumption. The CPU and memory 

usage of HaplotypeCallerSpark based on a random targeted sequencing sample is shown (B). 

Read/write utilization (IO) of the PCIe solid state drive (up to 3500 MB/s read/2500 MB/s write) 

was found to be low (shown in dark gray) during execution of the GATK4 MarkDuplicateSpark 

(MD), base quality score recalibration (BQSRPipelineSpark) and HaplotypeCallerSpark (HTC), 

with the exception of a short 20 seconds burst during initiation of BQSR reaching approximately 

100% disk utilization (C, median replicate values). The concordance of variant calling between 

Spark and non-Spark versions was found to be high (D), with a similar number of variants detected 

(nmedian) and variant reads depths (DPmedian). 
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Figure 4) MarkDuplicatesSpark, BQSRPipelineSpark and HaploTypeCallerSpark were assessed 

using public exome data (HG00121), locally with a 12-core CPU and externally using a 72 virtual 

CPU/18-node cluster configuration (Google Cloud platform). Each analysis was performed in 

triplicates with high reproducibility. The local Spark execution time was approximately twice as 

fast as the cluster and four times as fast as the non-Spark GATK4 tools. We found that initiation of 

the cluster processing consumed a large part of the cluster wall-times (*) for MarkDuplicatesSpark   

and BQSRPipelineSpark. HaplotypeCallerSpark wall-time did not change with increasing number 

of reads from a 5.3 GB sequencing file.  
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