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Abstract 

Bac kgr ound: Visualization is an indispensa b le facet of genomic data analysis. Despite the abundance of specialized visualization 

tools, ther e r emains a distinct need for tailor ed solutions. Howev er, their implementation typicall y r equir es extensi v e pr ogramming 
expertise from bioinformaticians and software developers, especially when building interactive applications. Toolkits based on vi- 
sualization grammars offer a more accessible , declar ative way to author new visualizations. Yet, current grammar-based solutions 
fall short in adequately supporting the interactive analysis of large datasets with extensive sample collections, a pivotal task often 

encountered in cancer resear c h. 

Findings: We present GenomeSpy, a grammar-based toolkit for authoring tailor ed, interacti v e visualizations for genomic data analysis. 
By using combinatorial building blocks and a declarati v e langua ge, users can implement new visualization designs easily and embed 

them in web pages or end-user–oriented applications. A distincti v e element of GenomeSpy’s ar c hitecture is its effecti v e use of the 
graphics processing unit in all rendering, enabling a high frame rate and smoothly animated interactions, such as navigation within 

a genome. We demonstrate the utility of GenomeSpy by c har acterizing the genomic landscape of 753 ovarian cancer samples from 

patients in the DECIDER clinical trial. Our results expand the understanding of the genomic ar c hitecture in ovarian cancer, particularly 
the di v ersity of chr omosomal insta bility. 

Conclusions: GenomeSpy is a visualization toolkit applica b le to a wide range of tasks pertinent to genome analysis. It offers high flex- 
ibility and exceptional performance in interactive analysis. The toolkit is open source with an MIT license, implemented in J av aScript, 
and av aila b le at https://genomespy.app/ . 

Ke yw ords: genomic data visualization, visualization grammar, GPU-accelerated visualization, ovarian high-grade serous carcinoma 
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Introduction 

Effective visualization facilitates hypothesis generation and the 
assessment of automatic analyses, making it an indispensable 
facet of genomic data analysis [ 1 ]. Ho w ever, interpreting complex 
genomic datasets calls for visualization methods tailored to the 
analyzed data [ 2 ], a need underscored by the availability of nu- 
mer ous special-pur pose tools [ 3 , 4 ]. Implementing suc h tailor ed 

visualizations, particularly those that offer inter activity, pr esents 
a significant challenge for most researchers [ 5 ]. It typically neces- 
sitates de v eloping ne w softwar e pac ka ges fr om scr atc h using low- 
le v el libr aries suc h as D3 [ 6 ] or writing plugins for existing ones 
like the modular JBrowse 2 [ 7 ] genome browser. This laborious pro- 
cess demands considerable programming expertise beyond most 
bioinformaticians’ skills. 

Visualization grammars like ggplot2 [ 8 ], Vega-Lite [ 9 ], and the 
genomic data–focused Gosling [ 10 ] and ggbio [ 11 ], which all build 

upon the concept initiall y pr esented in the Grammar of Gr a ph- 
ics [ 12 ], support tailored visualizations with a more accessible ap- 
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the original work is pr operl y cited. 
r oac h: instead of using an imper ativ e pr ogr amming langua ge,
hey are specified using combinatorial building blocks such as 
r a phical marks , scales , transformations , and view compositions,
hic h ar e put together using a declar ativ e langua ge. Ho w e v er,
one of these grammar-based solutions sufficiently cater to the 
ypical analysis task in cancer research: the exploration and anal-
sis of large sample collections to find patterns and outliers in co-
orts . T hey lack support for genomic data, fail to visualize numer-
us concurrent samples, disallow interactive filtering and group- 
ng, or underperform with large datasets. 

Her ein, we pr esent GenomeSpy, a toolkit designed to simplify
he crafting of interactive visualizations and empo w er end users
o effectiv el y explor e and anal yze lar ge datasets, particularl y in
ancer r esearc h. The toolkit featur es a gr ammar that enables
ffortless implementation of different visualization strategies 
Fig. 1 ). This c har acteristic makes GenomeSpy fundamentally dis-
inct from genome browsers, such as IGV [ 13 ], igv.js [ 14 ], JBrowse 2,
nd UCSC Genome Br owser [ 15 ], whic h comprise pr edefined tr ac k
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Figure 1: Ov ervie w of GenomeSp y. (A) GenomeSp y enables tailor ed visualizations thr ough its JSON-based visualization gr ammar, whic h defines how 

the building bloc ks, suc h as marks and scales, can be combined into a visualization specification. Instead of r el ying on predefined templates or track 
types, the user can fr eel y compose visualizations from various graphical marks and map data attributes to different visual channels, such as color and 
position. (B) GenomeSpy core library parses the specification and renders it using GPU-accelerated graphics to ensure smooth interactions such as 
zooming and panning. Inter activ e v ersions of the abov e examples ar e av ailable at https://genomespy.a pp/ [ 17 ]. (C) GenomeSpy App builds upon the 
core and enables the analysis of sample collections . T he abo ve visualization with 753 samples is available for exploration at 
https:// csbi.ltdk.helsinki.fi/ p/ genomespy- paper- 2024/ [ 18 ]. 
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ypes designed for specific data formats that are displayed using
igid visual encodings. In addition, we incor por ated the grammar
nto an analysis application for sample collections, with a pro-
ounced focus on fluid interaction. This design principle aims to
ake interaction with visualizations more rew ar ding, ultimately

nhancing users’ performance [ 16 ]. Fluid interaction changes
r owsing and explor ation, whic h ar e consider ed a r ate-limiting
tep in data analysis [ 2 ], into an endeavor that fosters insights. 
We demonstrate the utility and k e y features of GenomeSpy
y exploring and analyzing 753 whole-genome sequencing (WGS)
amples from 215 patients who belong to pr ospectiv e, longi-
udinal, m ultir egion observ ational study DECIDER (Multi-layer
ata to Impr ov e Dia gnosis, Pr edict Ther a py Resistance and Sug-
est Tar geted Ther a pies in HGSOC; ClinicalTrials .go v identifier:
CT04846933) that started recruitment in 2012. The DECIDER trial

ocuses on c har acterizing and ov ercoming ther a py r esistance in

https://genomespy.app/
https://csbi.ltdk.helsinki.fi/p/genomespy-paper-2024/
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ov arian high-gr ade ser ous carcinoma (HGSC), the most common 

and a ggr essiv e epithelial ov arian cancer subtype . T he standard of 
care (SOC) for HGSC consists of debulking surgery and platinum- 
taxane c hemother a py, often combined with maintenance ther a py 
with ADP ribose pol ymer ase (PARP) or vascular endothelial growth 

factor (VEGF) pathway inhibitors [ 19 ]. While ∼80% of HGSC pa- 
tients respond well to the SOC, most of the patients have recur- 
rence and rapid disease progression, leading to a 5-year survival 
rate of only < 40% [ 20 ]. Except for nearly 100% prevalent TP53 mu- 
tations, HGSC lac ks r ecurr ent m utations but is c har acterized by 
complex genomes with large-scale copy number alterations, hin- 
dering a deeper mechanistic understanding of the disease [ 21 , 22 ].
Furthermor e, dia gnosis is often complicated by r ar e mor phologic 
and molecular traits [ 23 , 24 ]. Herein, our hypothesis is that inter- 
pr eting lar ge genomics datasets fr om genomicall y complex can- 
cers, such as HGSC, requires tailored visualization methods, such 

as one built with GenomeSpy. 

Results 

GenomeSpy is a JavaScript-based toolkit that allows de v elop- 
ers and bioinformaticians to build inter activ e visualizations for 
genome analysis. To construct such a visualization, a user writes 
a visualization specification in JavaScript Object Notation (JSON) 
format, adhering to the rules of the visualization grammar 
(Fig. 1 A). GenomeSpy’s gr ammar dr aws inspir ation fr om the de- 
sign principles of Vega-Lite, a high-le v el gr ammar of inter activ e 
gr a phics [ 9 ], enhancing it for robust support of genomic data (Sup- 
plementary Note). Fig. 2 demonstrates GenomeSpy’s grammar- 
based a ppr oac h with a typical use case: a nucleotide sequence 
of a r efer ence genome. 

The core library constitutes the toolkit’s main component. It im- 
plements the grammar and renders the visualization according to 
the provided specification (Fig. 1 B). The library can serve as a com- 
ponent in JavaScript web applications, or it can be embedded on 

webpa ges suc h as Observ able notebooks ( https://observ ablehq. 
com/ collection/ @tuner/ genomespy [ 25 ]). An example of a special- 
pur pose a pplication built using the cor e libr ary is SegmentModel 
Spy (Fig. 3 , Supplementary Note), which allows a comprehen- 
sive assessment of copy number segmentation output from the 
Genome Analysis Toolkit (GATK) [ 26 ]. A crucial element in the 
cor e libr ary’s arc hitectur e is its use of gr a phics pr ocessing unit 
(GPU) acceler ation thr ough the WebGL 2 API for all gr a phics and 

scale transformations (Supplementary Note). GPU acceleration 

enables efficient rendering with a high frame rate and minimal 
latency, which facilitates insight generation [ 27 ]. It also allows 
fluid, smoothly animated interactions, such as continuous zoom- 
ing and panning in large datasets. While smooth transition ani- 
mations make the visualizations more attracti ve, the y have also 
been shown to impr ov e users’ perception of causality during in- 
teractions [ 28 ]. 

The app is a gener al-pur pose anal ytics a pplication for lar ge 
sample collections, built upon the core library (Fig. 1 C). It permits 
inter activ e anal ysis of genomic data and metadata, suc h as clini- 
cal variables. Using the grammar, users can adapt the app for dif- 
ferent data types and analysis tasks . T he app allows storing its 
state in the form of bookmarks or shareable links . T he state com- 
prises current scale domains (i.e., shown genomic regions and the 
visibility of configurable visualization elements). The state also 
ca ptur es the filtering, grouping, and sorting actions performed on 

the samples, serving as pr ov enance information that allows the 
recipient of a shared bookmark link to understand which steps led 

to a finding or insight [ 30 , 31 ]. Finally, bookmarks also support op- 
ional Markdown-formatted notes, which allow communicating 
ac kgr ound information or implications related to the findings. 

The pla yground w eb application ( https://genomesp y.app/ 
layground/ [ 32 ]) integrates a code editor and a visualization,
roviding a convenient way to sketch new visualization designs.

t is also the easiest method for new users to get started with
enomeSpy. 
In addition to a specification, GenomeSpy visualizations need 

ata, which can be provided as inline JavaScript objects in the
pecification or loaded from external files. CSV , TSV , and JSON
les provide the highest flexibility. Ho w ever, large datasets are bet-
er loaded lazily and only partially in response to user interac-
ions, which is supported through compressed and indexed for- 

ats, such as BigBed, BigWig, FASTA, and GFF3 files. Additionally,
enomeSp y’s J av aScript API pr ovides methods to dynamically up-
ate the datasets, enabling advanced use cases, such as integra-
ions with and within other applications, as shown in Fig. 3 . The
oaded data can be further processed using GenomeSpy’s built-in 

ata transformation pipeline, which is fully configurable through 

he visualization grammar. The transformation steps also support 
arameterization, allowing the pipeline’s behavior to be changed 

nter activ el y using sliders and other user-interface controls, thus
nabling a deeper le v el of data explor ation beyond basic interac-
ions such as zooming in and out or hovering with tooltips. Fur-
hermor e, GenomeSpy’s client-side data-pr ocessing model offers 
e v elopers the conv enience of a simplified setup that obviates the
eed for specialized server-side infrastructure. 

haracterizing the genomic landscape of HGSC 

e demonstrate the utility of the toolkit and highlight Genome- 
py App’s k e y features b y sho wing ho w they enable the inter pr e-
ation of WGS data from 753 samples of 215 patients belonging
o the DECIDER clinical trial. Using GenomeSpy’s visualization 

r ammar, we ada pted the app for our data by specifying a visu-
lization comprising segmented copy number alterations (CNAs),
oss of heterozygosity (LOH), somatic short variants (SSVs), and 

linical data as shown in Fig. 1 C. We also specified se v er al tr ac ks
xhibiting auxiliary information, such as ENCODE Blacklist [ 33 ],
efSeq Gene annotations [ 34 ], and genes associated with plat-

num resistance [ 35 ]. Some of these tracks are hidden by default
nd can be activated from the toolbar. The visualization is avail-
ble for exploration at https:// csbi.ltdk.helsinki.fi/ p/ genomespy- 
aper-2024/ [ 18 ], and for those wishing to adapt it for their own
atasets , we pro vide the specification with documentation and
xample data at https:// github.com/ HautaniemiLab/ genomespy- 
aper- 2024- spec [ 36 ]. 

apid transitions between the bird’s-eye view and a close-up 

acilitate exploration 

o streamline the exploration of large sample collections, we de-
eloped an interaction that rapidly transits the visualization from 

he bir d’s-ey e vie w, whic h fits the whole collection into the avail-
ble vertical space, to a close-up vie w, wher e the samples un-
er the mouse cursor are shown in a larger size (Supplementary
ideo). This interaction allows for pinpointing interesting outliers 
mong hundreds of samples and rapidly revealing them in suffi-
ient detail for visual anal ysis, str eamlining the exploration pro-
ess. GenomeSpy’s GPU-acceler ated r endering is pivotal in this
eature, as it guarantees smooth transition between the views. 

We used the bir d’s-ey e view to gain an overview of the co-
ort. While r ecurr ent TP53 m utations and LOH on c hr omosome 17

c hr17) ar e known genomic aberr ations in HGSC and contribute to

https://observablehq.com/collection/@tuner/genomespy
https://genomespy.app/playground/
https://csbi.ltdk.helsinki.fi/p/genomespy-paper-2024/
https://github.com/HautaniemiLab/genomespy-paper-2024-spec
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Figure 2: Specifying a visualization of a r efer ence nucleotide sequence using the grammar. (A) The example visualization comprises letters that are 
superimposed on colored rectangles . T he genomic axis is generated automatically. (B) The GenomeSpy core library provides no predefined track types. 
Instead, the visualization author supplies a JSON-based specification that defines how the building blocks are put together. (1) The data property 
specifies a data source. In this example, data are loaded lazily from an indexed FASTA file as the user navigates the genome. (2) Optional 
transformations modify the data str eam. Her e, the sequence strings provided by the data source are split into data objects representing individual 
nucleotides with their coordinates. (3) The encoding property allows mapping data fields to visual channels . T he x-axis is treated as genomic 
coordinates, as it has a “locus” data type. (4) The layer property composes multiple child views by layering them. (5) The mark property specifies the 
gr a phical mark to be used in a vie w. Her e, “r ect” is used for the bac kgr ound r ectangles and “text” for the bases. N .B . The specification has been 
simplified for clarity by omitting noncritical properties. A complete example is available in GenomeSpy’s documentation. 

t  

n  

e  

b  

s  

t  

s  

s
 

c  

t  

i  

t  

w  

t  

g  

d  

s  

i  

L  

t  

f  

o  

d  

c

I  

t
D  

i  

p  

l  

c  

b  

e  

i  

o  

t  

f  

D
ow

nloaded from
 https://academ

ic.oup.com
/gigascience/article/doi/10.1093/gigascience/giae040/7727441 by Turku U

niversity Language C
entre user on 07 August 2024
umor evolution [ 22 , 37 , 38 ], the concurrent display of both copy
umber values and LOH revealed a striking pattern in the bird’s-
ye vie w: r egardless of copy number gains and losses in chr17, all
ut 5 patients presented a complete LOH in the whole c hr omo-
ome (Fig. 4 ). The whole-c hr omosome LOH suggests an earl y mi-
otic nondisjunction affecting the entir e c hr omosome, with sub-
equent alter ations, suc h as 17q amplifications, arising at a later
tage. 

We then looked mor e closel y at the outliers that had retained
 hr17 heter ozygosity by opening the close-up view (Supplemen-
ary Video). Three of these outliers lacked a TP53 mutation, which
s atypical in HGSC. T hus , a gynecolog ical patholog ist r ee v aluated
hese cases, and the diagnoses of patients EOC466 and EOC545
er e c hanged to low-gr ade ser ous carcinoma (LGSC) and EOC571

o endometrioid carcinoma. One of the outliers had lost heterozy-
osity only on 17p and was subsequently found to present en-
ometr oid carcinoma. The onl y HGSC tumor without c hr17 LOH
tood out with a massive number of somatic mutations, indicat-
ng a possible mismatc h-r epair deficiency, whic h is a hallmark of
ync h syndr ome. As Lync h syndr ome r esults fr om germline m u-
ations in DNA mismatch repair genes, we examined them and
ound a germline mutation in MSH6 , which accounts for 10–20%
f Lynch syndromes in colorectal cancer [ 40 ]. Since Lynch syn-
r ome is dominantl y inherited, these r esults wer e r eported to a
linical geneticist to be discussed with the patient’s family. 

ncr emental, r eversible actions enable rapid manipulation of
he sample collection 

ata exploration often involves the removal of irrelevant data
tems or organizing the data to uncover patterns. To facilitate this
r ocess, we de v eloped a direct manipulation interface [ 41 ] that al-

ows for incremental actions on abstract attributes such as clini-
al metadata or measurements at genomic loci. These actions can
e accessed through a context menu (Fig. 5 ), permitting the user to
asily perform common tasks such as retaining samples belong-
ng to a particular categorical class or stratifying samples based
n a quantitativ e v alue at a specific genomic coordinate. Addi-
ionall y, the actions ar e r e v ersible, allowing for bac ktr ac king and
urther exploration of related questions . T he actions also form a
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Figure 3: SegmentModel Spy demonstrates GenomeSpy’s utility as a visualization library in JavaScript web applications. It is a simple, 
end-user–oriented application for analyzing GATK’s copy number segmentation results, allowing users to open data files effortlessly for swift 
navigation and inspection. The application generates a visualization specification and passes it with the parsed data files to the embedded 
GenomeSpy core library for visualization. Notably, all data processing occurs in the user’s web browser without the involvement of a remote server, 
enabling the analysis of sensitive data. SegmentModel Spy is available with example data at https:// genomespy.app/ segmentmodel/ [ 29 ]. 

F igure 4: A bir d’s-ey e view of all patients r e v eals a column of TP53 mutations (dark dots) together with extensive LOH (gray overlay) on c hr17. Onl y the 
sample with the highest purity (at least 15%) is included from each patient. One of the samples presents a very high number of SSVs and retained 
c hr17 heter ozygosity. The r emaining 4 samples without full-c hr omosome LOH wer e fr om non-HGSC tumors. Inter activ e visualization: [ 39 ]. 
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Figure 5: Top and bottom 5 samples by the number of copy number br eakpoints. Onl y the sample with the highest number of breakpoints was chosen 
fr om eac h patient. A nested, second-le v el gr ouping emphasizes the dia gnosis attribute . T he upper group exhibits a striking pattern of short 
amplifications associated with CDK12 inactivation. The bottom group contains 3 samples from non-HGSC tumors and a peculiar HGSC tumor sample 
(EOC754_pPer1) with very few CNAs . T he view was constructed using the incremental actions available through the attribute context menu (shown in 
the scr eenshot). Inter activ e visualization: [ 42 ]. 
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r ov enance r ecord of the ste ps tak en in the data exploration pro-
ess, ensuring tr anspar ency and r epr oducibility. 

HGSC is c har acterized by extensiv e copy number aberrations
 22 ]. Ho w e v er, we observ ed consider able v ariation in the num-
er of copy number breakpoints between the patients. To bet-
er understand this variation, we applied a series of incremental
ctions to shape and stratify our sample set. First, we selected
amples having purity at least 15%. We then sorted the samples
nto descending order by the number of breakpoints and retained
he first, r epr esentativ e sample fr om eac h patient, whic h corr e-
ponded to the most fr a gmented one. Finall y, we split the sam-
les into groups based on the number of breakpoints and analyzed
he patients with the most and least fr a gmented tumor genomes
Fig. 5 ). 

The 5 most highly fragmented samples sho w ed a striking pat-
ern of numerous focal amplifications evenly distributed through-
ut the genome . T hese amplifications ranged in size from ∼100 kb
o ∼10 Mb. The zoomed-out whole-genome view also r e v ealed
eleterious (stop-gain or frameshift) CDK12 SSVs (visible in chr17

n the figure) in 4 of the 5 samples . T he allele frequencies of the
 ariants matc hed the tumor purity, suggesting homozygous m u-
ations and thus biallelic inactivation. Of note, 4 of these 5 sam-
les presented copy-neutral LOH in the CDK12 locus, suggesting
ubsequent amplification after the initial c hr17 loss. Pr e vious r e-
earch has linked CDK12 inactivation to a specific type of chro-
osomal instability c har acterized by tandem duplications with a

imodal size distribution, which is in line with our observation
 43 ]. Inter estingl y, when visualizing all samples from these pa-
ients (Fig. 6 ), the amplification pattern is nearly identical among
he samples of each patient, implying subsequent stabilization of
he genomes. 

Next, we focused on the 5 patients with the fewest breakpoints.
wo of them (EOC466 and EOC545) were previously found to have
GSC based on the lack of a TP53 m utation. Additionall y, patient
OC530, who also lacked a TP53 mutation but still exhibited chr17
OH, had a nonserous neoplasm diagnosis . T he 2 remaining pa-
ients had an HGSC diagnosis, but EOC754’s tumor presented a
eculiar copy number profile with aberrations only in 3 chromo-
omes. Although the mutated TP53 and chr17 LOH in this tumor
ere consistent with the histological diagnosis of HGSC, the copy
umber profile was surprising since it had even fewer arm-level
berrations than the 2 samples from LGSC patients. 

We further analyzed the cohort for mitogen-activated protein
inase (MAPK) pathway genes commonly altered in LGSC [ 45 ]
nd found NRAS :c.182A > G:p.Q61R in the samples from EOC530,
OC545, and EOC754, as well as another oncogenic aberration
RAF :c.1862A > G:p.N621S in samples from EOC466. Otherwise,
ncogenic NRAS mutations were not detected in the entire co-
ort, and BRAF m utations wer e pr esent in onl y 2 additional pa-
ients with c har acteristicall y simple copy number profiles. Gen-
r all y, NRAS m utations ar e r ar el y seen in HGSC carcinomas but
or e commonl y in bor derline or lo w-gr ade ser ous neoplasms [ 46 ],

s seen in patient EOC545. 
As patient EOC754 exhibited an NRAS mutation and an atypi-

al copy number profile resembling the low-grade serous carcino-
as of patients EOC545 and EOC466, a gynecological pathologist

erformed a r etr ospectiv e histological r e vie w of her arc hiv al tu-
or samples . T he tumor had a serous phenotype , but in terms

f histological arc hitectur e, cytological atypia, and mitotic rate,
he tumor, especially in o varian samples , sho w ed areas with un-
quiv ocally lo w-grade morphology in addition to areas with more
r onounced pleiomor phism and mitotic activity. Yet, all 4 sam-
les with sequencing data from this patient sho w ed LOH on the
hole c hr omosome 17 and a clonal TP53 mutation in addition to
RAS . Cases with such genomic and morphological features from
oth high- and low-grade serous carcinomas have previously been
 eported as r ar e v ariants of ser ous ov arian neoplasms [ 24 , 47 ]. A
urther study on the potential origin and genomic and histological
volution of this and the 2 BRAF -mutated HGSC cases discovered
hr ough explor ation in GenomeSpy is ongoing. 



Deciphering cancer genomes with GenomeSpy | 7 

Figur e 6: T he amplified segments associated with the tandem-duplication phenotype and CDK12 inactiv ation ar e lar gel y identical within the samples 
of each patient, suggesting subsequent genome stabilization. Samples with a very low tumor purity, which are indicated by light green in the metadata 
heatma p, suffer fr om low segmentation sensitivity and lac k some of the segments that wer e detected in high-purity samples. Inter activ e visualization: 
[ 44 ]. 
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Score-based semantic zoom emphasizes important data 

items and mitigates overplotting 

While somatic mutations are one of the driving forces behind tu- 
morigenesis, most of the detected SSVs are passengers without 
contribution to disease. Ho w e v er, they clutter the view, making 
prompt identification of the pathogenic driver SSVs challenging. 
On the other hand, displaying all SSVs at once may be advanta- 
geous when an analyst studies a small genomic region that may 
accommodate SSVs with still uncertain pathogenicity. To address 
these conflicting needs, we de v eloped score-based semantic zoom , a 
technique that couples a filter on an arbitr aril y distributed quan- 
titative attribute (i.e., a score) with the zoom le v el (Supplemen- 
tary Note, Supplementary Video). In the zoomed-out vie w, onl y the 
most important (i.e., the highest scored data points) are shown,
allowing the user to locate potentially important data items for a 
closer examination. As the user zooms in, items with lo w er scores 
become visible automatically, without the need to adjust separate 
filter settings . T his beha vior resembles online ma p a pplications 
wher e onl y the lar gest and most w ell-kno wn place names are ini- 
tially visible, with more names appearing gradually as the map 

is zoomed in. This technique also helps to avoid ov er plotting by 
controlling the number of concurrently visible data items. 

To facilitate analysis and control overplotting, we applied the 
semantic zoom technique to all SSVs in the dataset. For scoring,
we used the Combined Annotation-De pendent De pletion (CADD) 
score [ 48 ], a single measure that integrates a diverse set of anno- 
tations . T hus , only the most likely pathogenic variants are shown 

at each zoom level. For instance, the recurrent TP53 mutations 
and the CDK12 mutations linked to chromosomal instability are 
visible already in the fully zoomed-out view (Fig. 5 ), while the 
lo w er-scor ed v ariants r emain out of sight until the user zooms in 

closer. This feature allo w ed us to instantly discover the pathogenic 
CDK12 SSVs in the highly fragmented samples. 

Data summarization allows easier comparison of stratified 

data 

Although a CNA heatmap presents all details in data, a summary,
such as the GISTIC G-score [ 49 ], enables an easier perception of 
potential cancer driver regions and facilitates the comparison of 
r oups. Accordingl y, we used GenomeSpy’s visualization grammar 
o specify a summary tr ac k that computes G-scor es ov er the seg-

ented copy number data. The summary incor por ates a pipeline
f transformations that inputs the copy number values from the
urr entl y visible samples and computes a weighted cov er a ge sep-
r atel y for amplifications and deletions (see Methods). The user
an inter activ el y adjust v arious thr eshold par ameters to focus
etter on broad or focal regions. A summary of the highest pu-
ity samples from all HGSC patients r e v ealed a typical HGSC CNA
andscape with prominent peaks around common HGSC driver 
enes [ 22 ], such as MECOM , MYC , KRAS , and CCNE1 (Fig. 7 ). 

Next, we asked whether the r ecurr ent amplification and dele-
ion peaks in HGSC could be explained by clinical attributes or
orrelation of potential driver regions. Because the G-score sum- 
ary tr ac k r eflects the curr entl y visible samples and is com-

uted separ atel y for eac h gr oup, we could easil y anal yze str at-
fied data by visually comparing the G-scores. Ho w ever, strat-
fications failed to r e v eal distinguishable differences with at-
ributes other than tumor ploidy. When we stratified the tu-

ors into 2 groups approximately representing whole-genome 
uplicated (WGD) and non-WGD tumors, an evident focal am- 
lification peak around CCNE1 in chr19 was present only in the
GD group, as shown in Fig. 8 . Previous research has associ-

ted such CCNE1 amplifications with polyploidy and poor clinical 
utcome [ 51 ]. 

a ta visualiza tion helps in finding clinicall y 

ctionable alter a tions 

ith the increased efforts to guide treatment decisions based on
enomics findings, there is a need to r a pidl y visualize genomes to
erify findings and detect aberrations that were not caught with
utomatic data analysis pipelines. For example, BRCA1 is a tumor
uppressor gene that contributes to DNA repair, and its mutation
s an indication for targeted therapy with PARP inhibitors in HGSC
 19 ]. 

As the PARP inhibitors ar e curr entl y the onl y genomic-guided
ar geted ther a p y in HGSC, w e used GenomeSp y to visually in-
pect the loci of BRCA1 and other homologous recombination 

eficiency-related genes in our samples and identified a suspi- 
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Figure 7: Using G-score to summarize the copy number landscape of the cohort. It is shown as an area chart above the copy number heatmap. We 
used building blocks such as sample summarization, various transformations, and view compositions in the visualization specification to calculate 
and display the G-score. Some parameters in the transformations are bound to input controls, allowing the user to adjust the calculation inter activ el y. 
Inter activ e visualization: [ 50 ]. 

Figure 8: HGSC samples stratified by ploidy r e v ealed higher CCNE1 amplifications (shown in red) in the upper group that represents 
whole-genome-duplicated samples. Each group has a separately computed G-score summary to allow comparison. The opened drop-down menu 
r e v eals the pr ov enance information comprising actions performed on the samples. Since most patients have samples from multiple tissues and time 
points, we k e pt onl y the highest-purity sample of eac h patient. Subsequentl y, we used the ploidy threshold of 2.2 to split the samples into 2 groups 
a ppr oximatel y r epr esenting non-WGD and WGD. Finally, we sorted the samples by the copy number of CCNE1 to better illustrate the distributions of 
the copy number log 2 (R) values in both groups. Interactive visualization: [ 52 ]. 
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ious BRCA1 region for one patient. A copy number pipeline, which
mploys GRIDSS [ 53 ] for joint structural variation calling, con-
rmed a multiexon in-frame deletion of BRCA1 (chr17:43,096,222–
3108182del, p.(K45_S198delinsN)) in all sequenced tumor sam-
les from this patient (Fig. 9 ). The deletion comprised exons
–8, covering half of the RING domain. With supporting infor-
ation fr om m utation signatur e anal ysis and the known con-

equences of similar medium-long deletions of BRCA1 in Clin-
ar [ 54 ], we inter pr eted this BRCA1 allele as pathogenic. Ac-
ordingly, the finding enabled the use of a PARP inhibitor to
reat the patient in a recurrent setting. This example high-
ights the potential of visualization methods, such as Genome-
p y, in sear ching for genomically based treatments for cancer
atients. 
iscussion 

isual exploration is a necessary step in oncogenomic data anal-
sis and knowledge extraction [ 56 ]. To facilitate the exploration,
e de v eloped GenomeSpy, a visualization toolkit for genomic
ata. Two main objectives steered the process: designing a generic
oolkit that enables effortless authoring of tailored visualizations
or different use cases and implementing a fully customizable ap-
lication to analyze large cancer sample collections. We achieved
he genericity by implementing a grammar optimized for ge-
omic data and demonstrated its expressivity (i.e., its applica-
ility to complex data), using the DECIDER cohort visualization.
o support the swift analysis of sample collections, we applied
he paradigm of fluid interaction [ 16 ], which manifested as sev-
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Figure 9: Results from an experimental copy number pipeline r e v ealed a homozygous BRCA1 deletion in all tumor samples of patient EOC763. Because 
the pipeline could not dir ectl y output log 2 (R) and BAF values, we used the total copy number instead of log 2 ( R ) on the color channel of this 
visualization. Inter activ e visualization: [ 55 ]. 
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eral k e y features and influenced the overall architecture of the 
toolkit. For instance, we designed a GPU-accelerated rendering en- 
gine to allow r a pidl y updating gr a phics with an extensiv e num- 
ber of data points. In addition to supporting continuous zooming 
and panning, it enabled the interaction that transits between the 
bir d’s-ey e view and a close-up view, allowing quick examination 

of outliers in datasets. Importantly, its smooth animation helps 
the user stay focused without losing tr ac k of data not curr entl y 
on the scr een. Similarl y, the scor e-based semantic zoom controls 
ov er plotting during navigation, allowing the user to focus on the 
most important data items at each zoom le v el. Finall y, the dir ect- 
manipulation interface [ 41 ] based on incremental actions enables 
quick and versatile stratification and exploration with support 
for bac ktr ac king, bookmarks, and pr ov enance information. All 
these features aim to expedite the exploration and thus foster 
insights. 

GenomeSp y allo w ed us to c har acterize the genomic landsca pe 
of the DECIDER cohort, uncovering several interesting patterns. 
Among our findings, the extent and completeness of the chr17 
LOH was one of the most surprising. Although such LOH has been 

pr e viousl y found to occur in some ovarian carcinoma tumors [ 38 ],
our dataset shows that out of the 200 r epr esentativ e HGSC tu- 
mor samples having a purity of at least 15%, all but 1, which had 

m ultiple TP53 m utations, pr esented whole-c hr omosome LOH on 

c hr17. While the whole-c hr omosome LOH allows a nascent tu- 
mor to expunge the remaining wild-type TP53 , the same mecha- 
nism may also contribute to the biallelic inactivation or reduced 

dosage of other tumor suppressor genes in the same c hr omo- 
some, such as CDK12 , BRCA1 , BRIP1 , and NF1 [ 23 , 57 ]. This hy- 
pothesis is supported by the pathogenic CDK12 mutations associ- 
ated with the tandem-duplicator phenotype. Homozygosity cou- 
pled with the copy-neutral LOH in these mutations indicates early 
occurr ence, befor e or soon after the whole-c hr omosome loss. In 

addition to cohort c har acterization, GenomeSpy also enabled the 
discovery of exciting outliers, such as the tumor of one patient 
with traits from both HGSC and LGSC. Overall, the effective use 
of visual encodings and the high usability provided by fluid inter- 
action have established GenomeSpy as an indispensable analy- 
sis tool among our geneticists, especially with copy number data,
whose inter pr etation r equir es a vie w of the lar ger genomic con- 
ext. Mor eov er, an example of using GenomeSpy to facilitate the
dentification of genomic-based personalized treatment is the dis- 
overy of an actionable BRCA1 deletion, which was not detected
ith a commercial panel, most likely due to the small size of the
eletion. 

GenomeSpy visualizations allow end users, such as geneticists,
linicians , and bioinformaticians , to analyze datasets with ease.
hile our grammar-based approach simplifies the creation of 

uc h inter activ e visualizations consider abl y, ther e is still an ac-
nowledged learning curve similar to what has been observed 

ith other visualization toolkits [ 5 , 58 ]. Ho w e v er, the formal JSON-
ased grammar opens future opportunities for easy point-and- 
lick visualization designer interfaces [ 59 ], visualization recom- 
endation systems [ 60 ], and mor e str eamlined gr ammar v ersions

 61 ] to further ease the authoring process. On the other hand, be-
ause man y anal ysis tasks alr eady hav e established visualization
esigns and techniques, we aim to support them through prede-
ned templates, m uc h like the standard tr ac k types in genome
rowsers . T his will enhance immediate usability for newcomers
nd lo w er the initial learning barrier. Mor eov er, as the Segment-
odel Spy example highlighted (Fig. 3 ), the toolkit can be used

o build easy-to-use applications for specific analysis tasks. Ex- 
anding on this, we envision GenomeSpy as a foundation for a
ext-gener ation gener al-pur pose genome br owser that pr ovides a
ompr ehensiv e collection of datasets and pr edefined tr ac k types
o w ered b y extensive customizability and high-performance in-
eractivity. 

onclusions 

n conclusion, we hav e demonstr ated GenomeSpy’s flexibility and
tility with the visualization of a cohort from the DECIDER clin-

cal trial, and we envision the toolkit as a foundation for many
utur e a pplications . T he grammar-based design of GenomeSpy
nables a modular a ppr oac h, wher e the various building blocks
f visualization—gr a phical marks , scales , transformations , and
ompositions—can be combined and r econfigur ed in innov ativ e
ays to meet specific r esearc h needs. GenomeSpy is open-source,
elcoming contributions and advancements, with full documen- 

ation at https:// genomespy.app/ [ 17 ]. 

https://genomespy.app/
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aterials and Methods 

enomeSpy core 

he core library is written in JavaScript. It uses the WebGL API and
he TWGL library [ 62 ] for GPU-accelerated graphics. In addition,
3 [ 6 ] and Vega [ 63 ] libr aries ar e used for CPU-side scale transfor-
ations, data loading, and expression handling. Genomic file for-
ats, such as indexed FASTA, BigWig, BigBed, and GFF3, are loaded

sing GMOD Jav aScript libr aries [ 7 ]. The cor e libr ary is av ailable
s an NPM pac ka ge, whic h can be imported into web applications,
ebpa ges, and Observ able notebooks. A mor e detailed description
f the arc hitectur e and visualization gr ammar is av ailable in the
upplementary Note and the GenomeSpy website [ 17 ]. 

enomeSpy App 

he app builds upon the core library. It uses the Redux Toolkit
 64 ] for state management and provenance tracking and Lit [ 65 ]
or user-interface components . T he application is a vailable as an
PM pac ka ge, whic h can be embedded on webpages together with
 visualization specification and data. 

ECIDER cohort 
ulti-layer Data to Impr ov e Dia gnosis, Pr edict Ther a py Resis-

ance and Suggest Tar geted Ther a pies in HGSOC (DECIDER; Clin-
calTrials .go v identifier: NCT04846933) is a pr ospectiv e, longitu-
inal, m ultir egion observ ational study that began recruitment in
012. Herein, we included 215 patients treated at Turku University
ospital, Finland. The treatment was either primary debulking

urgery (PDS), follo w ed b y a median of 6 c ycles of platinum-taxane
 hemother a py, or neoadjuv ant c hemother a p y (N ACT), where pri-
ary la par oscopic oper ation with dia gnostic tumor sampling was

ollo w ed b y 3 c ycles of carboplatin and paclitaxel. 
Altogether, we included all 753 tumor samples that had been

hole-genome sequenced when the cohort was formed. The sam-
les comprise tumor tissue (tubo-ov arian, intr a-abdominal, and
ther metastatic sites such as lymph nodes) and ascites from sev-
ral phases of the disease. 

All patients participating in the study gave their informed
onsent. The study and the use of all clinical materials
ave been approved by the Ethics Committee of the Hos-
ital District of Southwest Finland under decision number
ARHA/28314/13.02.02/2023. 

hole-genome sequencing 

enomic DN A w as extr acted fr om tumor tissue or ascites cells
nd whole blood or buffy coats isolated from whole blood. Af-
er assessing DNA quality, the samples were whole-genome se-
uenced with DNBSEQ (BGISEQ-500 or MGISEQ-2000; MGI Tech
o., Ltd.), Illumina NovaSeq 6000 ( RRID:SCR _ 016387 ), or Illumina
iSeq X Ten ( RRID:SCR _ 016385 ) as 150-bp paired-end sequenc-

ng. Median cov er a ge was ∼47 × (r ange , 23 ×–158 ×). Ra w read data
er e pr ocessed with Trimmomatic ( RRID:SCR _ 011848 ) [ 66 ] and

astQC ( RRID:SCR _ 014583 ) [ 67 ] in the Anduril 2 w orkflo w plat-
orm [ 68 ]. The reads were then aligned to the human genome
RCh38.d1.vd1 using BWA-MEM ( RRID:SCR _ 022192 ), follo w ed b y
 duplicate r emov al with Picard ( RRID:SCR _ 006525 ) [ 69 ] and base
uality score [ 70 ] recalibration with GATK ( RRID:SCR _ 001876 ) [ 71 ].

utation calling 

e called somatic mutations using GATK Mutect2 [ 72 ] with joint
alling [ 73 ]. A panel of normals generated from 181 DECIDER
nd 99 TCGA blood-derived normal samples was used. Mutations
ere annotated using ANNOVAR ( RRID:SCR _ 012821 ) [ 74 ], ClinVar
 54 ], and CADD ( RRID:SCR _ 018393 ) estimates for deleteriousness
 48 ]. Germline mutations were jointly called using GATK [ 73 ] from
17 DECIDER normal samples with allele-specific variant quality
cor e r ecalibr ation. Variant quality scor e r ecalibr ation was allele
pecific. Mutational signatur es wer e fitted using COSMIC v3.2 sig-
atures [ 75 ], adjusted for GRCh38 nucleotide frequencies. 

opy number calling and estimation of ploidy 

nd tumor purity 

e used GATK to perform the copy number segmentation. The
nalysis pipeline follows the GATK best-practices documentation
nd builds upon the Anduril 2 platform. 

To collect the minor allele counts (b-allele frequenc y, B AF),
e used all filtered biallelic germline single-nucleotide polymor-
hisms (SNPs) with heterozygous calls (VAF between 40% and
0%) fr om eac h patient. Both r ead and allelic count collection
xcluded regions listed in the ENCODE blacklist [ 33 ] and our in-
ernal DECIDER blac klist, whic h is av ailable as a tr ac k in the DE-
IDER visualization. The DECIDER blac klist includes r egions hav-

ng abs(log 2 (R)) > 0.2 in at least 3 of the 114 normal samples used
s input data. The 136 regions in the DECIDER blacklist represent
oorl y aligned r egions and population-le v el copy number v ari-
nce. We used platform-specific (HiSeq, DNBSEQ, and NovaSeq)
anels of normals built from the normal samples to denoise the
ead counts. 

Since the result of the actual segmentation affects down-
tr eam anal yses suc h as ploidy and purity estimation, we
isuall y e v aluated the effect of the v arious par ameters of
ATK’s ModelSegments tool. In practice, we ran the segmenta-

ion for select samples using 729 different combination of val-
es for the parameters and studied their effect using the Seg-
entModel Spy tool (Fig. 3 , Supplementary Note). Finally, we

 hose par ameters that r esulted in the subjectiv el y best br eak-
oint inference results. For instance, short segments should
e included, but false br eakpoints r elated to GC-wave arti-
acts need to be a voided. T he final par ameters wer e as fol-
ows: n umber-of-change points-penalty-factor: 1, k ernel-variance-
llele-fr action: 0, kernel-v ariance-copy-r atio: 0.2, kernel-scaling-
llele-fr action: 0.1, smoothing-cr edible-interv al-thr eshold-allele-
r action: 2, smoothing-cr edible-interv al-thr eshold-copy-r atio: 10. 

After the segmentation, we used a reimplemented ASCAT algo-
ithm [ 76 ] to estimate purity , ploidy , and allele-specific copy num-
ers . T he original ASCAT R pac ka ge [ 77 ] was not dir ectl y a pplica-
le because it fails to accept data segmented using external tools.
ur implementation also uses the variant allele frequency (VAF)
f truncal pathogenic TP53 mutation as additional evidence in se-
ection of the optimal ploidy/purity solution. As nearly all patients
ave a homozygous TP53 mutation in their cancer cells, we can
se the VAF and the estimated total copy number (CN) of TP53 to
 ppr oximate the purity: 

purit y TP 53 = 2 / ( ( CN TP 53 / VA F TP 53 ) − ( CN TP 53 − 2 ) ) . 

Patients having discordant ploidy estimates between their sam-
les went through manual curation. 

Since the contribution of nonaberrant cells on the log 2 (R) and
AF values encumber visualization and further analyses, we cal-
ulated “purified” values, that is, what the log 2 (R) would be in the
bsence of normal cells. 

https://scicrunch.org/resolver/RRID:SCR_016387
https://scicrunch.org/resolver/RRID:SCR_016385
https://scicrunch.org/resolver/RRID:SCR_011848
https://scicrunch.org/resolver/RRID:SCR_014583
https://scicrunch.org/resolver/RRID:SCR_022192
https://scicrunch.org/resolver/RRID:SCR_006525
https://scicrunch.org/resolver/RRID:SCR_001876
https://scicrunch.org/resolver/RRID:SCR_012821
https://scicrunch.org/resolver/RRID:SCR_018393
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Purified R, based on discussion in [ 78 ]: 

purifiedR = ( purity × ploidy × R + 2 × ( 1 − purity ) × ( R − 1 ) ) 

/ ( purity × ploidy ) 

Purified BAF, derived from S2, S7, and S8 of [ 77 ]: 

f ( af ) = purity − 1 + R × af × ( 2 × ( 1 − purity ) + purity × ploidy ) 
purifiedBaf = f ( baf ) / ( f ( 1 − baf ) + f ( baf ) ) 

Experimental copy number pipeline for BRCA1/2 

analysis 

We called structur al v ariants in a callset of 139 DECIDER patients 
using GRIDSS [ 53 ] with joint calling and performed the somatic fil- 
tering using GRIPSS [ 79 ] with a panel of normals from Dutch popu- 
lation [ 80 ] and the ENCODE blacklist [ 33 ]. The B AF w as calculated 

using AMBER [ 81 ] with the heterozygous SNP loci from the muta- 
tion calling. Read depth was extracted using COBALT [ 82 ], which 

also performed GC normalization. Finally, we employed PURPLE 
[ 80 ] to combine BAF, read depth ratios, and structural variants to 
estimate purity , ploidy , and the copy number profile of the sam- 
ples. 

Pa thogenic BRC A1/2 muta tions 

We curated somatic and germline short variants in BRCA1/2 
genes. We considered a variant pathogenic if it causes prema- 
ture truncation in the canonical transcript or if it is annotated 

as pathogenic or likely pathogenic in the ClinVar [ 54 ] database.
For patient homozygosity assessment, we compared allelic read 

counts against allele-specific copy numbers in the locus and pu- 
rities in tumor samples with a minimum purity of 5%. A variant 
was considered homozygous if it was the most likely explanation 

for the allelic read counts across a patient’s tumor samples. 

DECIDER cohort visualization 

We used the GenomeSpy app for the DECIDER visualization. An- 
notation tr ac ks suc h as RefSeq genes ar e specified in separ ate 
JSON files, allowing easy reuse. The main JSON file specifies the 
visualization of metadata, SSVs, CNV, BAF, and the copy number 
summary. GenomeSpy inputs all genomic and metadata from tab- 
separ ated v alue (TSV) files. 

Only SSVs with the CADD score of at least 10.0 or that were 
pathogenic according to ClinVar [ 54 ] were included to reduce load- 
ing time and memory consumption. We used the purified log 2 (R) 
and BAF values for CNV and LOH, allowing more meaningful com- 
parison, sorting, and grouping. To enable easier perception of aber- 
rant B AF, w e conv erted it into LOH using the form ula: 

LOH = abs ( BAF − 0 . 5 ) × 2 . 

Here, 0 indicates full heterozygosity, and 1 indicates a total loss 
of heterozygosity. 

The dynamically updating copy number summary tr ac k r epli- 
cates the G-score of GISTIC 1.0. The initial GISTIC version was 
chosen because its G-score formula is straightforw ar d to imple- 
ment with GenomeSpy’s grammar. It also allows m uc h quic ker 
interaction speeds for real-time analysis, unlike the more com- 
plex GISTIC 2.0 [ 83 ]. Briefly, the dataflow processes amplifications 
and deletions separ atel y. Onl y segments with abs(purifiedLogR) > 

0.7 are included and abs(purifiedLogR) is clamped to 2.5. These 2 
thresholds can be adjusted interactively by the user. Finally, the 
dataflow computes a purifiedLogR-weighted cov er a ge for the seg- 
ents and divides it by the number of samples in volved. Co ver-
ges of amplifications and deletions have separate layers in the
isualization and are shown as red and blue, respectively. 

The RefSeq gene annotation tr ac k uses a popularity-based pri-
ritization for the gene symbols [ 84 ], a method originally intro-
uced in HiGlass [ 85 ]. T hus , at each zoom level, the symbols are
andled in priority order and shown if there is still room on the
r ac k. 

vailability of Source Code and 

equirements 

roject name: GenomeSpy 
r oject homepa ge: https://genomespy.a pp/ [ 17 ] and https:// 
ithub.com/ genome-spy/ genome-spy [ 86 ] 
perating systems: Platform independent 
r ogr amming langua ges: Jav aScript and TypeScript 
icense: MIT 

RID: SCR_024,837 

dditional Files 

upplementary Fig. S1. An example of a visualization specifica- 
ion with 2 layers r ender ed in GenomeSpy (top) and Vega-Lite (bot-
om). GenomeSpy adapts the design of V ega-Lite’ s grammar, pro-
iding partial compatibility. Ho w e v er, the implementation is inde-
endent and makes extensive use of GPU in scale transformations
nd rendering. In this example, the dataset is embedded into the
pecification and comprises objects with 2 fields: a and b. The en-
oding block specifies how the data fields are mapped to different
isual channels. In this case, the a field is declared as nominal
ata and mapped onto the x-axis, and the y field is quantitative
nd mapped onto the y-axis . T he layer block specifies 2 superim-
osed gr a phical marks: rect forms the bars on the c hart and text
hows the exact data values above the bars. 
upplementary Fig. S2. Handling genomic data in GenomeSpy us- 

ng transformations and scales. (A) In an abstract sense, a trans-
ormation inputs a list of data items and outputs a list of new
tems that may be filtered, modified, or gener ated fr om the origi-
al items . GenomeSpy pro vides a linearizeGenomicCoordinate trans- 

ormation that maps the discrete chromosomes onto a single lin-
ar coordinate space. (B) By using the locus data type and specify-
ng the chrom and pos fields, an implicit linearization transforma- 
ion is added to the data flo w, allo wing easy handling of genomic
oordinates . (C) T he locus scale maps the linearized genomic co-
rdinates to the viewport and pro vides chromosome-a ware axis
ic ks. (D) GenomeSpy pr ovides se v er al data tr ansformations that
nable visualization techniques commonly used with genomic 
ata. For example, when working with ov erla pping segments, the
overage transformation (upper plot) generates a list of new seg-

ents with continuous cov er a ge v alues and the pileup tr ansfor-
ation (lo w er plot) assigns eac h segment a fr ee lane. Both plots

se the rect mark to visualize the transformed data items. 
upplementary Fig. S3. Chr ome De v eloper Tools pr ofile of
enomeSpy when zooming the whole dataset (753 samples) in 

he visualization shown in Fig. 1 C ( https://csbi.ltdk.helsinki.fi/ 
/genomespy- paper- 2024 ). The profile shows very low CPU uti-

ization, whic h guar antees smooth animation without dropped 

rames. 
upplementary Fig. S4: Chr ome De v eloper Tools pr ofile of Gosling

v0.12.0) when zooming the Visual Encoding example ( https:// 
osling.js .org/?example=VISUAL _ ENCODING ). T he profile shows 

https://genomespy.app/
https://github.com/genome-spy/genome-spy
https://scicrunch.org/resolver/RRID:
https://csbi.ltdk.helsinki.fi/p/genomespy-preprint/
https://gosling.js.org/?example=VISUAL_ENCODING
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ull CPU utilization and multiple dropped frames, resulting in
hoppy animation during interactions. 
upplementary Table S1. Comparison of Gosling and GenomeSpy.
upplementary Note. A note covering the following topics: Com-
arison to Vega-Lite , T he GPU-accelerated Architecture, Embed-
ing in Web Applications: Segmentmodel Spy, Exploring Sample
ollections with the GenomeSpy App, and Comparison to Gosling.
upplementary Video. A video demonstrating two GenomeSpy
eatures: Toggling between the bird’s eye view and a closeup,
core-based semantic zoom applied to somatic short variants. 

a ta Av ailability 

he following r esources hav e been deposited in the Software Her-
ta ge Arc hiv e: the source code of the GenomeSpy toolkit [ 89 ], Seg-

entModel Spy [ 90 ], and the reimplemented ASCAT algorithm
 76 ]. The DECIDER HGSC visualization specification with docu-

entation and example data has been arc hiv ed in Zenodo [ 36 ]. All
equencing data are available at the European Genome-phenome
rc hiv e (EGA) under accession number EGAS00001006775. 

bbreviations 

AF: B-allele frequency; CNV: copy number variance; DECIDER:
ulti-layer Data to Impr ov e Dia gnosis, Pr edict Ther a py Resistance

nd Suggest Targeted Therapies in HGSOC; GPU: graphics process-
ng unit; JSON: JavaScript Object Notation; LOH: loss of heterozy-
osity; PARP: ADP ribose pol ymer ase; SSV: somatic short variant;
AF: variant allele frequency; WGS: whole-genome sequencing. 

thics Appr o v al and Consent to Participa te 

ll patients participating in the study gave their informed
onsent. The study and the use of all clinical materials
ave been approved by the Ethics Committee of the Hos-
ital District of Southwest Finland under decision number
ARHA/28314/13.02.02/2023. 
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