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Bioinformatics: applies principles of information sciences and technologies to make the vast, 
diverse, and complex life sciences data understandable and useful.

e.g., Text mining, 
Processing raw data, 

Artificial Intelligence,
Software development,

but also experiment design

and results interpretation

What is Bioinformatics?

https://www.bioinfo.ufpr.br/



4

Cancer patients

Cancer patients

Treatment A

Treatment A

Treatment B

Treatment C

Genetic profiling
and stratification

High drug effect

High drug effect

Low or no drug effect

Conventional therapy

Precision cancer therapy

High drug effect

High drug effect

Precision Oncology

Designed by Yari Ciani



5

Introduction - Precision Oncology and personalised therapy

Precision oncology: 

Adapted from Shrager, Jeff, and Jay M. Tenenbaum. "Rapid learning for precision oncology." Nature reviews Clinical oncology 11.2 (2014): 109-118.

“The integration of molecular tumor profiles into clinical decision-making in cancer treatment” 

Molecular Profiling 

(e.g. sequencing)

Monitoring of the 

cancer patient

Identification of biomarkers 

for personalised therapiesTesting  therapies 


on pre-clinical models

Delivery to  
the patient

Tumour  
Biopsy 

Molecular 
profile of tumor

Potential  
Effective therapies

2

Adapted by T Cantore from Shrager, Jeff, and Jay M. Tenenbaum. "Rapid learning for precision oncology." Nature reviews Clinical oncology 11.2 (2014): 109-118.

The cost of developing a single

FDA/EMA-approved drug:


1B $

and 


10 - 15 years 

FDA: Food and Drug Administration

EMA: European Medicines Agency


The Precision Drug Discovery Cycle
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FOCUS | PERSPECTIVENATURE MEDICINE

Ensuring equal access through a patient-centric approach
The past decade has rendered a striking advance in the availability of 
new technologies for tumor genomic profiling. However, the same 
amount of time and resources has not been invested into building 
the backbone elements for practical implementation across institu-
tions. The transition of molecular testing from centers of academic 
excellence to wider populations receiving care at community prac-
tices represents a challenge of a magnitude similar to the inception 
of such technologies.

Plans for access to advanced diagnostics need to be designed in 
a patient-centric, rather than institution-centric, manner. Clearly, 
it does not seem feasible that every healthcare institution would be 
able to adopt in-house advanced diagnostic platforms and support 
teams for data interpretation; thus, access plans should account for 
the need to deliver testing to patients regardless of where they are 
receiving care by facilitating patient referrals to centers where the 
patients can access advanced diagnostics and/or by smoothing the 
path for efficient transfer of samples and data (rather than patients) 
across institutions and laboratories in a secure manner, to guarantee 
equality in access to advanced diagnostics.

A complicating factor is that different regulatory decisions 
result in different levels of access across countries. For example, 
although the European Medicines Agency (EMA) is responsible 
for the evaluation of new medicines in the European Union (EU), 
EMA regulatory approvals do not necessarily translate into positive 
access recommendations across all European countries14, which also 
affects intercountry heterogeneity in test and drug access and reim-
bursement15. From a global perspective, there is significant variabil-
ity not only in the regulatory approval process but also in access to 
testing and access to matched drugs across regions and countries, 
according to the different healthcare-system characteristics.

Low- and middle-income countries face large inequities in 
access to new MGTOs and advanced diagnostics, compared with 
high-income countries. In addition, the latter are where most aca-
demic institutions and biopharmaceutical companies develop their 
research and focus their investments. Unequal access to healthcare 
is an unfortunate reality for most patients with cancer and other 
diseases in low- and middle-income countries, but in the field of 
precision oncology, we face the risk of these inequalities being per-
manent if low- and middle-income countries are not included in the 
research and evidence-generation step, even if actions to enhance 
access are eventually taken.

Genomic testing in clinical-practice guidelines. Clinical-practice 
guidelines developed by academic and medical societies play a key 
part in the harmonization of cancer care and the advancement 
toward equality in access to excellent care. In recent years, several 
clinical guidelines have endorsed genomic testing for certain routine 
clinical settings for cancer care. For instance, in 2017, the National 
Comprehensive Cancer Network (NCCN) guidelines recommended 
comprehensive genomic profiling of patients with NSCLC to guide 
appropriate therapy targeting ALK, ROS1, and EGFR alterations16. 
By 2021, the NCCN guidelines had expanded to include recommen-
dations for sequencing of BRAF, KRAS, MET, RET, and NTRK7. 
In 2020, the European Society for Medical Oncology (ESMO) 
Precision Medicine Working Group leveraged the ESMO Scale for 
Clinical Actionability of molecular Targets (ESCAT) to evaluate in 
which settings, among the cancers of higher lethality, multigene 
NGS could be an attractive alternative to single-biomarker testing12. 
These guidelines should help standardize the use of comprehensive 
genomic profiling assays in clinical practice. However, there is still 
a significant disconnect between clinical guidelines and regulatory 
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Fig. 1 | Genomic biomarker-driven drug approvals. Recent biomarker-specific solid tumor approvals relevant to comprehensive genomics profiling 
tests in the United States (Food and Drug Administration) (top half) and EU (EMA) (bottom half) between April 2019 and April 2021, as examples of 
the rapid advance in the number of available biomarker-driven treatment indications. Approvals related to other means of biomarker testing, such as 
immunohistochemistry assays, are not included. Each box includes a drug, the relevant biomarker (in bold), and the cancer type or disease setting for 
which the approval was granted by the relevant regulatory body. ALK, ALK receptor tyrosine kinase; GIST, gastrointestinal stromal tumor; EGFR, epidermal 
growth factor receptor; FGFR2/3, fibroblast growth factor receptor 2/3; HER2, human epidermal growth factor receptor 2; HR, hormone receptor; HRD, 
homologous recombination repair deficiency; HRRm, homologous recombination repair gene mutations; MET, MET proto-oncogene, receptor tyrosine 
kinase; NTRK, neurotrophic tyrosine receptor kinase; PDGFRα, platelet-derived growth factor alpha; PIK3CA, phosphatidylinositol-4,5-bisphosphate 
3-kinase catalytic subunit alpha; RET, Ret proto-oncogene; TMB, tumor mutational burden.

FOCUS | PERSPECTIVENATURE MEDICINE

NATURE MEDICINE | VOL 28 | APRIL 2022 | 658–665 | www.nature.com/naturemedicine 659

Delivering precision oncology to patients with cancer, Mateo et al, Nature Medicine 2022


…but it is worth
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The origin of DNA sequencing
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DNA Sequencing is figuring out the order of DNA nucleotides, or bases (A T 
G C), in a genome that make up an organism's DNA.

The original Sanger 
sequencing method


(1977)ddNTP are at low concentrations 
to permit elongation of fragments

Credits to Curtis Huttenhower, https://slideplayer.com/slide/10893306/



The NGS revolution

9 Downloaded from BioRender



NGS approaches in a nutshell
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Illumina - Sequencing by synthesis

https://www.researchgate.net/profile/Kamila-Knapik/publication/340535984/figure/fig10/
AS:878431982063629@1586445913332/The-principle-of-Illumina-sequencing-process-A-DNA-is-converted-into-
an-Illumina.png
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How to get from NGS data to biological interpretation?

▪ Sequencing produces high-resolution TIFF images


▪ 100 tiles per lane, 8 lanes per flow cell, 100 cycles


▪ 4 images (A,G,C,T) per tile per cycle = 320,000 images


▪ Each TIFF image ~ 7Mb = 2,240,000 Mb of data (2.24TB)


ACGTCGATCGATCGATCGATCG

TCGATCGCGCGAGATGGCTGAA

CGAGCTAGCTAGCTGGCTAGAGCT

CGATGCTAGCTAGCTAGCTAGC

CAGCGAGCTAGCTAGCATCGAT

Up to 8B read pairs (2x150bp)

BASECALLING
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ACGTCGATCGGTCGATCGATCG
…CGATCGATCGGATCGACGTCGATCGATCGATCGATCGCGATCGATCGATCGG…

SEQUENCING READ

Single nucleotide variant (SNV)

CHROMOSOME SEQUENCE

(reference genome)

Up to 8B read pairs (2x150bp)

Human Genome = 3.3B bases


Approximate String Matching with Bounded Edit Distance, where the goal is to find all 
(locally) similar substrings of a large reference that align to a given read, allowing for a 
limited number of edits.

How to get from NGS data to biological interpretation?

R is not optimized for low-level memory access or speed.


Genomic-scale alignment is typically done in C/C++ (e.g., BWA, minimap2) due to performance constraints.
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The role of R in Bioinformatics

Sequencing data

Align to genome Manipulate 
alignent data Find mutations

Statistical analysis

Clinical 
associations

Data visualisation

Invoking C/C++ tools using BASH scripts

Proprietary software

Extracting 
biological results

Using



Bioconductor uses the R statistical programming language, 
and is open source and open development. It has two 
releases each year, and an active user community.

The R Bioinformatics community
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Figure 1. Structural Variants Disrupt Tumor Suppressors and Activate Oncogenes
(A) SV and copy number frequency plotted on scaled chromosomes. Wider green/blue bars indicate more frequent copy gain/loss. Darker black bars indicate

more frequent SV.

(B) Top: expression levels of PTEN, TP53, RB1, CDKN1B, and CHD1 in individual samples reported as (log[1+(TPM 3 106̂)]). Bottom: somatic events affecting

each sample. Right: box and whisker plots showing expression for samples with 0, 1, or 2 alleles affected; horizontal bar indicates median. Each gene was sorted

independently by expression level. See also Figure S3.

(legend continued on next page)

Cell 174, 758–769, July 26, 2018 761

Quigley et al., 2018, Cell

Resource

Genomic Hallmarks and Structural Variation in
Metastatic Prostate Cancer

Graphical Abstract

Highlights
d Deep whole-genome and -transcriptome sequencing of 101

prostate cancer metastases

d Tandem duplication affects intergenic regulatory loci

upstream of AR and MYC

d Inactivation of CDK12, TP53, and BRCA2 affect distinct

classes of structural variants

d Androgen receptor is affected by mutation or structural

variation in 85% of mCRPC

Authors
David A. Quigley, Ha X. Dang,

ShuangG. Zhao, ..., Christopher A.Maher,

Eric J. Small, Felix Y. Feng

Correspondence
arul@med.umich.edu (A.M.C.),
christophermaher@wustl.edu (C.A.M.),
eric.small@ucsf.edu (E.J.S.),
felix.feng@ucsf.edu (F.Y.F.)

In Brief
Integrative whole-genome and

-transcriptome sequencing provides a

comprehensive view of structural

variations that affect major regulators in

prostate cancer and would escape

detection by exome-based approaches.

Quigley et al., 2018, Cell 174, 758–769
July 26, 2018 ª 2018 Elsevier Inc.
https://doi.org/10.1016/j.cell.2018.06.039

Visualising the Genome: an example

Showing frequencies of mutations of an entire cohort across the entire genome
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Quigley et al., 2018, Cell

all undergone chromothripsis, the shattering and subsequent
reconstruction of a single chromosome (Figure 3C, right; Fig-
ure 3D, orange points) (Fraser et al., 2017; Maher and Wilson,
2012; Stephens et al., 2011; Zack et al., 2013) (Figure 3B, right).
We identified chromothripsis in 23% of mCRPC (Figure 3A, 3D;
samples listed in Table S1), compared with 20% reported
in non-indolent primary prostate tumors (Fraser et al., 2017).
Biallelic TP53 inactivation was the event most significantly
associated with elevated inverted rearrangement frequency
(median 57 versus 79 inversion rearrangements, p = 0.0004)
and with the presence of chromothripsis (19 of the 23 cases
with chromothripsis versus 28 of the 78 cases lacking chromo-
thripsis, p = 0.0004). No locus was preferentially targeted
by chromothripsis, consistent with a stochastic process. No
tumor with biallelic loss of BRCA2 also exhibited chromo-
thripsis (Figures 3A and 3D). As observed in a previous pan-
cancer analysis, chromothripsis was not associated with an

A B

D E

C

Figure 2. Tandem Duplication Target En-
hancers near AR, MYC, and FOXA1
(A) Aligned tracks showing the DNA amplification

frequency (top), tandem duplication frequency

(middle), tandem duplication bounds (middle), and

H3K27ac average read coverage (bottom, from

Kron et al., 2017) at the AR locus.

(B) Box and whisker plot showing AR expression in

the presence/absence of DNA amplification at AR

or at the peak.

(C) Samples with tandem duplication of the peak

in (A) but not AR (red) more frequently had AR

unamplified or amplified at low levels.

(D and E) aligned tracks showing tandem dupli-

cations near MYC (D) and FOXA1 (E) as in (A).

See also Table S4.

elevated mutation frequency genome-
wide (p > 0.05, Figure 3E) (Zack et al.,
2013). In contrast, BRCA2 loss had
the strongest statistical association with
tumor mutational burden (median 7.0
versus 4.0 mutations/Mb, p = 0.0002,
Figure 3E).
Chromoplexy, a balanced interweaving

of interchromosomal translocations, has
been observed in prostate cancer (Baca
et al., 2013). We identified chromoplexy
in 50% of samples (Table S1). Of the 23
samples with chromothripsis, 12 (52%)
also showed chromoplexy, as expected
if there were neither positive nor negative
enrichment for chromothripsis in samples
that had undergone chromoplexy. The
presence of somatic TP53 alterations
was not associated with either transloca-
tion frequency or with the presence of
chromoplexy. Our analysis therefore
identified biallelic inactivation of CDK12,
BRCA2, and TP53 as strongly linked to
three forms of SV in mCRPC, with the

link between TP53 inactivation and inversion rearrangements
further linked to chromothripsis.

Mutational Signatures of DNA Damage
Cells bearing homologous recombination repair defects develop
genomic scars (reviewed in Lord and Ashworth, 2016), including
deletions with homology at both ends of the deleted region.
These cells rely on microhomology-mediated end joining to
repair double strand DNA breaks, also known as alternative
nonhomologous end-joining (Davies et al., 2017; Nik-Zainal
et al., 2012, 2016; Tutt et al., 2001). Tumors bearing biallelic
loss of BRCA2 had elevated levels of deletions with flanking
microhomology (Figure 4A). Tumors with biallelic inactivation of
CDK12 or ATM, or with monoallelic alterations in BRCA1 or
BRCA2, lacked this phenotype, confirming previously published
observations (Polak et al., 2017). We fitted published mutation
signature profiles to somatic single nucleotide variations and

Cell 174, 758–769, July 26, 2018 763

From Overview to Detail

AR = androgen receptor. Gene involved in prostate cancer
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Screenshot from IGV, a Java based alignment visualisation tool


CONS: 

-graphical interface

-slow

-graphical customisation

-JAVA!


From Overview to Detail
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Long Range Interactions (physical)

https://phanstiellab.github.io/plotgardener/https://4dnucleome.org/

HiC assay
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Similarly, we can compute the contingency tables for all the
pairs of genes using the following four matrix multiplications:

N11 ¼ ABT

N10 ¼ A Jp;n " B
! "T

N01 ¼ Jp;n " A
! "

BT

N00 ¼ Jp;n " A
! "

Jp;n " B
! "T

where Jp;n denotes the p# n matrix where each element has value
equal to 1.

N11;N10;N01;N00 will correspond to the number of samples
where both genes are aberrant, only the first gene is aberrant, only
the second gene is aberrant, and both the genes are non-aberrant,
respectively, for all the possible pairings of genes.

To account for occurrences where a specific gene aberration sta-
tus is not possible to determine (i.e. NA), we redefine the sik so that
when an aberration is undefined the binary variable is always
equal to 0.

Formally

sik ¼
1 if aberrant
0 if non-aberrant
0 if NA

8
><

>:

and, in order to properly exclude that instance from the contin-
gency table calculation, similarly we set

1" sik ¼
0 if aberrant
1 if non-aberrant
0 if NA

8
><

>:

These modified binary variables ensure that all the products of
NA variables will be 0 and will never be counted.

To boost the performance of FaME in computing the matrix
products, we use OpenBLAS (https://www.openblas.net/) instead
of the default R BLAS library as it is highly optimized for the use
of available hardware accelerations and parallelism to quickly
compute the matrix multiplications. Further, the N11;N10;N01;N00

values (corresponding to a contingency table) are then used to
compute the Fisher’s exact test p-values using the HighSpeedStats
library, an R library that implements a very fast version of the Fish-
er’s exact test based on logarithm. Fisher’s exact test is a statistical

exact test used in the analysis of contingency tables: the test
returns the sum of hypergeometric probabilities of all arrange-
ments of the data that are equal or more extreme than the input
contingency table, assuming the given marginal totals, on the null
hypothesis that the two variables are independent. The test also
returns the OR for each pair (denoted as ‘‘direction” in Fig. 1A),
which can be used to discriminate ME pairs (OR < 1) from co-
occurrent (CO) pairs (OR > 1).

Parts of the code of FaME are computed in parallel to accelerate
the computation, although most of the computation time is due to
memory allocation (large memory is required) that doesn’t benefit
from multiple cores usage. The FaME’s method can be applied to
any type of binary matrix, therefore testing for ME starting from
any binary information such as gene SNVs, LOH state, epigenomic
states. FaME speed will enable the exhaustive exploration of the
entire genome and open the possibility to test different aberrations
or combinations of aberrations. The current implementation of
FaME does not have any command line parameter or different
modes of execution and the algorithm is deterministic. The code
of FaME is available at https://github.com/demichelislab/FaME.

4. Results

4.1. FaME computation performance

FaME provides a simple and fast solution to perform Mutual
Exclusivity analysis of genomic aberrations based on the complete
set of Fisher’s exact tests for all the possible combinations of input
elements. The novelty of FaME is in the use of matrix multiplica-
tion to speed up the computation of the contingency tables thus
providing powerful boost (about 100 fold) in terms of computa-
tional time with respect to the naive computational strategy of
sequentially performing single Fisher’s exact tests (Fig. 1B). More-
over, exploiting matrix multiplication and vectorized operations,
we are able to decrease the computation time for each pair by dras-
tically reducing calculation overhead. For instance, upon increase
of the number of tested genes from 10 to 10,000, the computing
time goes from 139.6 to 0.0007 ms (on a set of 2,500 samples)
(Fig. 1C). Further, the computation on 40 cores for 900 million gene
pairs is comparable between 10 and 1,000 samples (612.9 s and
635.5 s) and increases less than double for 10,000 samples

Fig. 2. Literature-based SL pairs analysis in the study cohort (A) Representation of main variables of 4,950 tumor samples across 27 tumor types from the study cohort.
Processed data and variables as in Ciani et al. [25]. (B) Circos plot of literature-based synthetic lethal pairs; black lines highlight those scored as mutually exclusive by FaME in
the study cohort (left). For each of the latter, a pan-cancer oncoprint color-coded based on tumor allele specific genomic status and significant tumor type (center) is shown.
Boxplot report the statistics for mutual exclusivity of all genomic combinations in the specific tumor type or at the pan-cancer level (Sign. dataset column). Gain, hemi
deletions, CN-LOH, SNVs were considered.

T. Fedrizzi, Y. Ciani, F. Lorenzin et al. Computational and Structural Biotechnology Journal 19 (2021) 4394–4403

4398

Long Range Interactions (functional)

Designed by Tarcisio Fedrizzi, ex-group member
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Similarly, we can compute the contingency tables for all the
pairs of genes using the following four matrix multiplications:

N11 ¼ ABT

N10 ¼ A Jp;n " B
! "T

N01 ¼ Jp;n " A
! "

BT

N00 ¼ Jp;n " A
! "

Jp;n " B
! "T

where Jp;n denotes the p# n matrix where each element has value
equal to 1.

N11;N10;N01;N00 will correspond to the number of samples
where both genes are aberrant, only the first gene is aberrant, only
the second gene is aberrant, and both the genes are non-aberrant,
respectively, for all the possible pairings of genes.

To account for occurrences where a specific gene aberration sta-
tus is not possible to determine (i.e. NA), we redefine the sik so that
when an aberration is undefined the binary variable is always
equal to 0.

Formally
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0 if non-aberrant
0 if NA

8
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and, in order to properly exclude that instance from the contin-
gency table calculation, similarly we set

1" sik ¼
0 if aberrant
1 if non-aberrant
0 if NA

8
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>:

These modified binary variables ensure that all the products of
NA variables will be 0 and will never be counted.

To boost the performance of FaME in computing the matrix
products, we use OpenBLAS (https://www.openblas.net/) instead
of the default R BLAS library as it is highly optimized for the use
of available hardware accelerations and parallelism to quickly
compute the matrix multiplications. Further, the N11;N10;N01;N00

values (corresponding to a contingency table) are then used to
compute the Fisher’s exact test p-values using the HighSpeedStats
library, an R library that implements a very fast version of the Fish-
er’s exact test based on logarithm. Fisher’s exact test is a statistical

exact test used in the analysis of contingency tables: the test
returns the sum of hypergeometric probabilities of all arrange-
ments of the data that are equal or more extreme than the input
contingency table, assuming the given marginal totals, on the null
hypothesis that the two variables are independent. The test also
returns the OR for each pair (denoted as ‘‘direction” in Fig. 1A),
which can be used to discriminate ME pairs (OR < 1) from co-
occurrent (CO) pairs (OR > 1).

Parts of the code of FaME are computed in parallel to accelerate
the computation, although most of the computation time is due to
memory allocation (large memory is required) that doesn’t benefit
from multiple cores usage. The FaME’s method can be applied to
any type of binary matrix, therefore testing for ME starting from
any binary information such as gene SNVs, LOH state, epigenomic
states. FaME speed will enable the exhaustive exploration of the
entire genome and open the possibility to test different aberrations
or combinations of aberrations. The current implementation of
FaME does not have any command line parameter or different
modes of execution and the algorithm is deterministic. The code
of FaME is available at https://github.com/demichelislab/FaME.

4. Results

4.1. FaME computation performance

FaME provides a simple and fast solution to perform Mutual
Exclusivity analysis of genomic aberrations based on the complete
set of Fisher’s exact tests for all the possible combinations of input
elements. The novelty of FaME is in the use of matrix multiplica-
tion to speed up the computation of the contingency tables thus
providing powerful boost (about 100 fold) in terms of computa-
tional time with respect to the naive computational strategy of
sequentially performing single Fisher’s exact tests (Fig. 1B). More-
over, exploiting matrix multiplication and vectorized operations,
we are able to decrease the computation time for each pair by dras-
tically reducing calculation overhead. For instance, upon increase
of the number of tested genes from 10 to 10,000, the computing
time goes from 139.6 to 0.0007 ms (on a set of 2,500 samples)
(Fig. 1C). Further, the computation on 40 cores for 900 million gene
pairs is comparable between 10 and 1,000 samples (612.9 s and
635.5 s) and increases less than double for 10,000 samples

Fig. 2. Literature-based SL pairs analysis in the study cohort (A) Representation of main variables of 4,950 tumor samples across 27 tumor types from the study cohort.
Processed data and variables as in Ciani et al. [25]. (B) Circos plot of literature-based synthetic lethal pairs; black lines highlight those scored as mutually exclusive by FaME in
the study cohort (left). For each of the latter, a pan-cancer oncoprint color-coded based on tumor allele specific genomic status and significant tumor type (center) is shown.
Boxplot report the statistics for mutual exclusivity of all genomic combinations in the specific tumor type or at the pan-cancer level (Sign. dataset column). Gain, hemi
deletions, CN-LOH, SNVs were considered.
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Similarly, we can compute the contingency tables for all the
pairs of genes using the following four matrix multiplications:

N11 ¼ ABT

N10 ¼ A Jp;n " B
! "T

N01 ¼ Jp;n " A
! "

BT

N00 ¼ Jp;n " A
! "

Jp;n " B
! "T

where Jp;n denotes the p# n matrix where each element has value
equal to 1.

N11;N10;N01;N00 will correspond to the number of samples
where both genes are aberrant, only the first gene is aberrant, only
the second gene is aberrant, and both the genes are non-aberrant,
respectively, for all the possible pairings of genes.

To account for occurrences where a specific gene aberration sta-
tus is not possible to determine (i.e. NA), we redefine the sik so that
when an aberration is undefined the binary variable is always
equal to 0.

Formally

sik ¼
1 if aberrant
0 if non-aberrant
0 if NA

8
><

>:

and, in order to properly exclude that instance from the contin-
gency table calculation, similarly we set

1" sik ¼
0 if aberrant
1 if non-aberrant
0 if NA

8
><

>:

These modified binary variables ensure that all the products of
NA variables will be 0 and will never be counted.

To boost the performance of FaME in computing the matrix
products, we use OpenBLAS (https://www.openblas.net/) instead
of the default R BLAS library as it is highly optimized for the use
of available hardware accelerations and parallelism to quickly
compute the matrix multiplications. Further, the N11;N10;N01;N00

values (corresponding to a contingency table) are then used to
compute the Fisher’s exact test p-values using the HighSpeedStats
library, an R library that implements a very fast version of the Fish-
er’s exact test based on logarithm. Fisher’s exact test is a statistical

exact test used in the analysis of contingency tables: the test
returns the sum of hypergeometric probabilities of all arrange-
ments of the data that are equal or more extreme than the input
contingency table, assuming the given marginal totals, on the null
hypothesis that the two variables are independent. The test also
returns the OR for each pair (denoted as ‘‘direction” in Fig. 1A),
which can be used to discriminate ME pairs (OR < 1) from co-
occurrent (CO) pairs (OR > 1).

Parts of the code of FaME are computed in parallel to accelerate
the computation, although most of the computation time is due to
memory allocation (large memory is required) that doesn’t benefit
from multiple cores usage. The FaME’s method can be applied to
any type of binary matrix, therefore testing for ME starting from
any binary information such as gene SNVs, LOH state, epigenomic
states. FaME speed will enable the exhaustive exploration of the
entire genome and open the possibility to test different aberrations
or combinations of aberrations. The current implementation of
FaME does not have any command line parameter or different
modes of execution and the algorithm is deterministic. The code
of FaME is available at https://github.com/demichelislab/FaME.

4. Results

4.1. FaME computation performance

FaME provides a simple and fast solution to perform Mutual
Exclusivity analysis of genomic aberrations based on the complete
set of Fisher’s exact tests for all the possible combinations of input
elements. The novelty of FaME is in the use of matrix multiplica-
tion to speed up the computation of the contingency tables thus
providing powerful boost (about 100 fold) in terms of computa-
tional time with respect to the naive computational strategy of
sequentially performing single Fisher’s exact tests (Fig. 1B). More-
over, exploiting matrix multiplication and vectorized operations,
we are able to decrease the computation time for each pair by dras-
tically reducing calculation overhead. For instance, upon increase
of the number of tested genes from 10 to 10,000, the computing
time goes from 139.6 to 0.0007 ms (on a set of 2,500 samples)
(Fig. 1C). Further, the computation on 40 cores for 900 million gene
pairs is comparable between 10 and 1,000 samples (612.9 s and
635.5 s) and increases less than double for 10,000 samples

Fig. 2. Literature-based SL pairs analysis in the study cohort (A) Representation of main variables of 4,950 tumor samples across 27 tumor types from the study cohort.
Processed data and variables as in Ciani et al. [25]. (B) Circos plot of literature-based synthetic lethal pairs; black lines highlight those scored as mutually exclusive by FaME in
the study cohort (left). For each of the latter, a pan-cancer oncoprint color-coded based on tumor allele specific genomic status and significant tumor type (center) is shown.
Boxplot report the statistics for mutual exclusivity of all genomic combinations in the specific tumor type or at the pan-cancer level (Sign. dataset column). Gain, hemi
deletions, CN-LOH, SNVs were considered.
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Similarly, we can compute the contingency tables for all the
pairs of genes using the following four matrix multiplications:

N11 ¼ ABT

N10 ¼ A Jp;n " B
! "T

N01 ¼ Jp;n " A
! "

BT

N00 ¼ Jp;n " A
! "

Jp;n " B
! "T

where Jp;n denotes the p# n matrix where each element has value
equal to 1.

N11;N10;N01;N00 will correspond to the number of samples
where both genes are aberrant, only the first gene is aberrant, only
the second gene is aberrant, and both the genes are non-aberrant,
respectively, for all the possible pairings of genes.

To account for occurrences where a specific gene aberration sta-
tus is not possible to determine (i.e. NA), we redefine the sik so that
when an aberration is undefined the binary variable is always
equal to 0.

Formally

sik ¼
1 if aberrant
0 if non-aberrant
0 if NA

8
><

>:

and, in order to properly exclude that instance from the contin-
gency table calculation, similarly we set

1" sik ¼
0 if aberrant
1 if non-aberrant
0 if NA

8
><

>:

These modified binary variables ensure that all the products of
NA variables will be 0 and will never be counted.

To boost the performance of FaME in computing the matrix
products, we use OpenBLAS (https://www.openblas.net/) instead
of the default R BLAS library as it is highly optimized for the use
of available hardware accelerations and parallelism to quickly
compute the matrix multiplications. Further, the N11;N10;N01;N00

values (corresponding to a contingency table) are then used to
compute the Fisher’s exact test p-values using the HighSpeedStats
library, an R library that implements a very fast version of the Fish-
er’s exact test based on logarithm. Fisher’s exact test is a statistical

exact test used in the analysis of contingency tables: the test
returns the sum of hypergeometric probabilities of all arrange-
ments of the data that are equal or more extreme than the input
contingency table, assuming the given marginal totals, on the null
hypothesis that the two variables are independent. The test also
returns the OR for each pair (denoted as ‘‘direction” in Fig. 1A),
which can be used to discriminate ME pairs (OR < 1) from co-
occurrent (CO) pairs (OR > 1).

Parts of the code of FaME are computed in parallel to accelerate
the computation, although most of the computation time is due to
memory allocation (large memory is required) that doesn’t benefit
from multiple cores usage. The FaME’s method can be applied to
any type of binary matrix, therefore testing for ME starting from
any binary information such as gene SNVs, LOH state, epigenomic
states. FaME speed will enable the exhaustive exploration of the
entire genome and open the possibility to test different aberrations
or combinations of aberrations. The current implementation of
FaME does not have any command line parameter or different
modes of execution and the algorithm is deterministic. The code
of FaME is available at https://github.com/demichelislab/FaME.

4. Results

4.1. FaME computation performance

FaME provides a simple and fast solution to perform Mutual
Exclusivity analysis of genomic aberrations based on the complete
set of Fisher’s exact tests for all the possible combinations of input
elements. The novelty of FaME is in the use of matrix multiplica-
tion to speed up the computation of the contingency tables thus
providing powerful boost (about 100 fold) in terms of computa-
tional time with respect to the naive computational strategy of
sequentially performing single Fisher’s exact tests (Fig. 1B). More-
over, exploiting matrix multiplication and vectorized operations,
we are able to decrease the computation time for each pair by dras-
tically reducing calculation overhead. For instance, upon increase
of the number of tested genes from 10 to 10,000, the computing
time goes from 139.6 to 0.0007 ms (on a set of 2,500 samples)
(Fig. 1C). Further, the computation on 40 cores for 900 million gene
pairs is comparable between 10 and 1,000 samples (612.9 s and
635.5 s) and increases less than double for 10,000 samples

Fig. 2. Literature-based SL pairs analysis in the study cohort (A) Representation of main variables of 4,950 tumor samples across 27 tumor types from the study cohort.
Processed data and variables as in Ciani et al. [25]. (B) Circos plot of literature-based synthetic lethal pairs; black lines highlight those scored as mutually exclusive by FaME in
the study cohort (left). For each of the latter, a pan-cancer oncoprint color-coded based on tumor allele specific genomic status and significant tumor type (center) is shown.
Boxplot report the statistics for mutual exclusivity of all genomic combinations in the specific tumor type or at the pan-cancer level (Sign. dataset column). Gain, hemi
deletions, CN-LOH, SNVs were considered.
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Similarly, we can compute the contingency tables for all the
pairs of genes using the following four matrix multiplications:

N11 ¼ ABT

N10 ¼ A Jp;n " B
! "T

N01 ¼ Jp;n " A
! "

BT

N00 ¼ Jp;n " A
! "

Jp;n " B
! "T

where Jp;n denotes the p# n matrix where each element has value
equal to 1.

N11;N10;N01;N00 will correspond to the number of samples
where both genes are aberrant, only the first gene is aberrant, only
the second gene is aberrant, and both the genes are non-aberrant,
respectively, for all the possible pairings of genes.

To account for occurrences where a specific gene aberration sta-
tus is not possible to determine (i.e. NA), we redefine the sik so that
when an aberration is undefined the binary variable is always
equal to 0.

Formally

sik ¼
1 if aberrant
0 if non-aberrant
0 if NA

8
><

>:

and, in order to properly exclude that instance from the contin-
gency table calculation, similarly we set

1" sik ¼
0 if aberrant
1 if non-aberrant
0 if NA

8
><

>:

These modified binary variables ensure that all the products of
NA variables will be 0 and will never be counted.

To boost the performance of FaME in computing the matrix
products, we use OpenBLAS (https://www.openblas.net/) instead
of the default R BLAS library as it is highly optimized for the use
of available hardware accelerations and parallelism to quickly
compute the matrix multiplications. Further, the N11;N10;N01;N00

values (corresponding to a contingency table) are then used to
compute the Fisher’s exact test p-values using the HighSpeedStats
library, an R library that implements a very fast version of the Fish-
er’s exact test based on logarithm. Fisher’s exact test is a statistical

exact test used in the analysis of contingency tables: the test
returns the sum of hypergeometric probabilities of all arrange-
ments of the data that are equal or more extreme than the input
contingency table, assuming the given marginal totals, on the null
hypothesis that the two variables are independent. The test also
returns the OR for each pair (denoted as ‘‘direction” in Fig. 1A),
which can be used to discriminate ME pairs (OR < 1) from co-
occurrent (CO) pairs (OR > 1).

Parts of the code of FaME are computed in parallel to accelerate
the computation, although most of the computation time is due to
memory allocation (large memory is required) that doesn’t benefit
from multiple cores usage. The FaME’s method can be applied to
any type of binary matrix, therefore testing for ME starting from
any binary information such as gene SNVs, LOH state, epigenomic
states. FaME speed will enable the exhaustive exploration of the
entire genome and open the possibility to test different aberrations
or combinations of aberrations. The current implementation of
FaME does not have any command line parameter or different
modes of execution and the algorithm is deterministic. The code
of FaME is available at https://github.com/demichelislab/FaME.

4. Results

4.1. FaME computation performance

FaME provides a simple and fast solution to perform Mutual
Exclusivity analysis of genomic aberrations based on the complete
set of Fisher’s exact tests for all the possible combinations of input
elements. The novelty of FaME is in the use of matrix multiplica-
tion to speed up the computation of the contingency tables thus
providing powerful boost (about 100 fold) in terms of computa-
tional time with respect to the naive computational strategy of
sequentially performing single Fisher’s exact tests (Fig. 1B). More-
over, exploiting matrix multiplication and vectorized operations,
we are able to decrease the computation time for each pair by dras-
tically reducing calculation overhead. For instance, upon increase
of the number of tested genes from 10 to 10,000, the computing
time goes from 139.6 to 0.0007 ms (on a set of 2,500 samples)
(Fig. 1C). Further, the computation on 40 cores for 900 million gene
pairs is comparable between 10 and 1,000 samples (612.9 s and
635.5 s) and increases less than double for 10,000 samples

Fig. 2. Literature-based SL pairs analysis in the study cohort (A) Representation of main variables of 4,950 tumor samples across 27 tumor types from the study cohort.
Processed data and variables as in Ciani et al. [25]. (B) Circos plot of literature-based synthetic lethal pairs; black lines highlight those scored as mutually exclusive by FaME in
the study cohort (left). For each of the latter, a pan-cancer oncoprint color-coded based on tumor allele specific genomic status and significant tumor type (center) is shown.
Boxplot report the statistics for mutual exclusivity of all genomic combinations in the specific tumor type or at the pan-cancer level (Sign. dataset column). Gain, hemi
deletions, CN-LOH, SNVs were considered.
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Similarly, we can compute the contingency tables for all the
pairs of genes using the following four matrix multiplications:

N11 ¼ ABT

N10 ¼ A Jp;n " B
! "T

N01 ¼ Jp;n " A
! "

BT

N00 ¼ Jp;n " A
! "

Jp;n " B
! "T

where Jp;n denotes the p# n matrix where each element has value
equal to 1.

N11;N10;N01;N00 will correspond to the number of samples
where both genes are aberrant, only the first gene is aberrant, only
the second gene is aberrant, and both the genes are non-aberrant,
respectively, for all the possible pairings of genes.

To account for occurrences where a specific gene aberration sta-
tus is not possible to determine (i.e. NA), we redefine the sik so that
when an aberration is undefined the binary variable is always
equal to 0.

Formally

sik ¼
1 if aberrant
0 if non-aberrant
0 if NA

8
><

>:

and, in order to properly exclude that instance from the contin-
gency table calculation, similarly we set

1" sik ¼
0 if aberrant
1 if non-aberrant
0 if NA

8
><

>:

These modified binary variables ensure that all the products of
NA variables will be 0 and will never be counted.

To boost the performance of FaME in computing the matrix
products, we use OpenBLAS (https://www.openblas.net/) instead
of the default R BLAS library as it is highly optimized for the use
of available hardware accelerations and parallelism to quickly
compute the matrix multiplications. Further, the N11;N10;N01;N00

values (corresponding to a contingency table) are then used to
compute the Fisher’s exact test p-values using the HighSpeedStats
library, an R library that implements a very fast version of the Fish-
er’s exact test based on logarithm. Fisher’s exact test is a statistical

exact test used in the analysis of contingency tables: the test
returns the sum of hypergeometric probabilities of all arrange-
ments of the data that are equal or more extreme than the input
contingency table, assuming the given marginal totals, on the null
hypothesis that the two variables are independent. The test also
returns the OR for each pair (denoted as ‘‘direction” in Fig. 1A),
which can be used to discriminate ME pairs (OR < 1) from co-
occurrent (CO) pairs (OR > 1).

Parts of the code of FaME are computed in parallel to accelerate
the computation, although most of the computation time is due to
memory allocation (large memory is required) that doesn’t benefit
from multiple cores usage. The FaME’s method can be applied to
any type of binary matrix, therefore testing for ME starting from
any binary information such as gene SNVs, LOH state, epigenomic
states. FaME speed will enable the exhaustive exploration of the
entire genome and open the possibility to test different aberrations
or combinations of aberrations. The current implementation of
FaME does not have any command line parameter or different
modes of execution and the algorithm is deterministic. The code
of FaME is available at https://github.com/demichelislab/FaME.

4. Results

4.1. FaME computation performance

FaME provides a simple and fast solution to perform Mutual
Exclusivity analysis of genomic aberrations based on the complete
set of Fisher’s exact tests for all the possible combinations of input
elements. The novelty of FaME is in the use of matrix multiplica-
tion to speed up the computation of the contingency tables thus
providing powerful boost (about 100 fold) in terms of computa-
tional time with respect to the naive computational strategy of
sequentially performing single Fisher’s exact tests (Fig. 1B). More-
over, exploiting matrix multiplication and vectorized operations,
we are able to decrease the computation time for each pair by dras-
tically reducing calculation overhead. For instance, upon increase
of the number of tested genes from 10 to 10,000, the computing
time goes from 139.6 to 0.0007 ms (on a set of 2,500 samples)
(Fig. 1C). Further, the computation on 40 cores for 900 million gene
pairs is comparable between 10 and 1,000 samples (612.9 s and
635.5 s) and increases less than double for 10,000 samples

Fig. 2. Literature-based SL pairs analysis in the study cohort (A) Representation of main variables of 4,950 tumor samples across 27 tumor types from the study cohort.
Processed data and variables as in Ciani et al. [25]. (B) Circos plot of literature-based synthetic lethal pairs; black lines highlight those scored as mutually exclusive by FaME in
the study cohort (left). For each of the latter, a pan-cancer oncoprint color-coded based on tumor allele specific genomic status and significant tumor type (center) is shown.
Boxplot report the statistics for mutual exclusivity of all genomic combinations in the specific tumor type or at the pan-cancer level (Sign. dataset column). Gain, hemi
deletions, CN-LOH, SNVs were considered.
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Integrating extracellular vesicle and circulating cell-free DNA
analysis using a single plasma aliquot improves the detection of
HER positivity in breast cancer patients
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Abstract
Multi-analyte liquid biopsies represent an emerging opportunity for non-invasive
cancer assessment. We developed ONCE (One Aliquot for Circulating Elements), an
approach for the isolation of extracellular vesicles (EV) and cell-free DNA (cfDNA)
from a single aliquot of blood. We assessed ONCE performance to classify HER2-
positive early-stage breast cancer (BrCa) patients by combining EV-associated RNA
(EV-RNA) and cfDNA signals on n = 64 healthy donors (HD) and non–metastatic
BrCa patients. Speci+cally, we isolated EV-enriched samples by a charge-based (CB)
method and investigated EV-RNA and cfDNA by next-generation sequencing (NGS)
and by digital droplet PCR (ddPCR). Sequencing of cfDNA and EV-RNA from
HER2- and HER2+ patients demonstrated concordance with in situ molecular anal-
yses of matched tissues. Combined analysis of the two circulating analytes by ddPCR
showed increased sensitivity in ERBB2/HER2 detection compared to single nucleic
acid components. Multi-analyte liquid biopsy prediction performance was compa-
rable to tissue-based sequencing results from TCGA. Also, imaging ,ow cytometry
analysis revealed HER2 protein on the surface of EV isolated from the HER2+ BrCa
plasma, thus corroborating the potential relevance of studying EV as companion ana-
lyte to cfDNA. This data con+rms the relevance of combining cfDNA and EV-RNA
for HER2 cancer assessment and supports ONCE as a valuable tool for multi-analytes
liquid biopsies’ clinical implementation.

KEYWORDS
breast cancer, cell-free DNA (cfDNA), ddPCR, EV-RNA, extracellular vesicles (EV), HER2, ImageStream,
ONCE approach
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3. Comparison of genomic sequences from annotated 
regions reveals variation among hg38 and T2T1. Aligning reads to T2T-CHM13 reference improves mapping metrics across diverse sequencing designs

Figure 1 | Sequencing data from multiple designs was aligned to 
hg38 and T2T-CHM13v2.0 assemblies to perform reference mapping 
bias analysis and to evaluate variations in read mapping.

Figure 6 | Among 304 actionable genes from COSMIC 
Actionability signature v14, 24 genes harbour more than 30 
pathogenic variants with at least one variation in their proximity.

Figure 3 | VAF estimations for high MAF heterozygous SNPs from T2T-aligned data show less bias towards the reference allele 
with respect to hg38-aligned data. SNPs with discordant VAF estimates among assemblies reported higher VAF values in T2T with 
respect to hg38 (one tailed paired t-test p < 2.22e-16), resulting in a shift towards a more balanced allelic representation.

Figure 2 | T2T-aligned samples exhibit an increase of 
average mapping quality and reduction of error rate when 
compared to hg38-aligned samples.
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variation among hg38 and T2T (median of 37% mismatches). 
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4. Reference genome sequence variations within homopolymeric stretches help elucidate differences in SNV VAF estimates among hg38- and T2T- aligned samples

Figure 7 | A) SNV calls of ClinVar sites with sequence variation 
performed with Strelka2 on cell-free DNA samples (N = 13 breast 
cancer WES and N = 15 prostate cancer 3Mb panel) show a 
decrement in VAF for regions for hg38-aligned sample. B) A 
significant enrichment (Chi-square test) was detected for variation 
within and outside homopolymers for variants with discordant VAF. 
Homopolymers were defined as stretches of ≥ 5 equal bases.

Figure 8 | BRCA1 and TP53 genes present dissimilar sequences among hg38 and T2T both in exonic and intronic regions. Reported cases selected from a breast (left) and prostate cancer (right) 
patient show the differential mapping of reads over ClinVar variants. Coverage drops observed in hg38 alignment correspond to diverging sequences characterized by the presence of homopolymers.

Conclusions
• Enhanced read mapping accuracy with T2T-CHM13v2.0 alignment improves the quality of sequencing data. 
• Aligning human sequencing reads to T2T corrects for RMB, enabling a more precise analysis of allele-

specific features, e.g., allelic imbalance quantification and tumor content estimation.
• Variations between hg38 and T2T reference observed in the proximity of ClinVar variants, especially within 

homopolymeric stretches, could potentially impact the detection of low VAF variants in the clinical setting. Contacts

Fundings

Acknowledgements
NGS facility – University of Trento

ilaria.cherchi@unitn.it
https://github.com/demichelislab

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

ClinVar ID: 125860

T2T

hg38

Match Mismatch Gap Exons

Dissimilarity: 0.37%
BRCA1

0e+00

1e+05

2e+05

3e+05

4e+05

Benign

Conflicting interpretations

Uncertain significance Other

Likely pathogenic
Pathogenic

N 
Cl

in
Va

r I
Ds

Sequence alignment hg38vsT2T
> 5 mismatches [1, 5] mismatches Indels Allele swapping Equal

N=
48

N=
18

6

N=
36

4

N=
38

N=
32

N=
43

N=
12

9

N=
56

N=
91

N=
44

N=
33

N=
91

N=
64

N=
88

N=
19

7

N=
33

N=
62

N=
94

N=
83

N=
49

N=
30

1

N=
59

N=
55

N=
72

RECQL4 FANCA VHL RB1 BRCA1 TP53 CHEK2 STK11 PMS2 CDH1 AR ATM BRIP1

NF1 BTK MLH1 PALB2 MSH2
KMT2D PTEN APC TSC2 MSH6 BRCA2

0

20

40

60

0

10

20

30

Pa
th

og
en

ic 
SN

Vs
 w

ith
 v

ar
ia

tio
n

in
 th

ei
r p

ro
xim

al
 s

eq
ue

nc
e 

(%
)

2. Reference mapping bias (RMB) is significantly reduced in T2T-aligned samples 
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Figure 5 | Sequences proximal to ClinVar entries (±150 bp) 
exhibit mismatches and/or indels among hg38 and T2T.

Introduction The recent T2T-CHM13v2.01 (T2T) reference genome exhibits large-scale differences with respect to previous human genome assemblies, adding over 200 
Mb of novel genomic sequence and providing a more refined representation of repetitive sequences, e.g., homopolymer repeats. Since variations in the nucleotide sequence 
of reference genomes can significantly impact read mapping, we evaluated how aligning human sequencing reads to T2T versus hg38 affects downstream analyses, 
particularly for the estimation of variant allele frequency (VAF) at heterozygous single nucleotide polymorphisms (SNPs) and at clinically relevant variants.

Methods Human (N=81) and cell line (N=8) DNA sequencing data from multiple designs (whole-genome (WGS)2,3, whole-exome (WES)4, and 3Mb targeted sequencing 
panel5) at varying coverages (30x-1000x) were aligned to T2T-CHM13v2.0 and hg38 assemblies to obtain heterozygous SNP (0.2 ≤ VAF ≤ 0.8) pileups. ClinVar, CpG islands, 
and ENCODE TFBS UCSC tracks were analyzed through pairwise sequence alignment. Variant calling was performed on tumor samples with BCFtools6 and Strelka27. 
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3. Comparison of genomic sequences from annotated 
regions reveals variation among hg38 and T2T1. Aligning reads to T2T-CHM13 reference improves mapping metrics across diverse sequencing designs

Figure 1 | Sequencing data from multiple designs was aligned to 
hg38 and T2T-CHM13v2.0 assemblies to perform reference mapping 
bias analysis and to evaluate variations in read mapping.

Figure 6 | Among 304 actionable genes from COSMIC 
Actionability signature v14, 24 genes harbour more than 30 
pathogenic variants with at least one variation in their proximity.

Figure 3 | VAF estimations for high MAF heterozygous SNPs from T2T-aligned data show less bias towards the reference allele 
with respect to hg38-aligned data. SNPs with discordant VAF estimates among assemblies reported higher VAF values in T2T with 
respect to hg38 (one tailed paired t-test p < 2.22e-16), resulting in a shift towards a more balanced allelic representation.

Figure 2 | T2T-aligned samples exhibit an increase of 
average mapping quality and reduction of error rate when 
compared to hg38-aligned samples.
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islands, and TF binding sites genomic sequences, pairwise 
sequence alignment analysis highlights the presence of 
variation among hg38 and T2T (median of 37% mismatches). 
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4. Reference genome sequence variations within homopolymeric stretches help elucidate differences in SNV VAF estimates among hg38- and T2T- aligned samples

Figure 7 | A) SNV calls of ClinVar sites with sequence variation 
performed with Strelka2 on cell-free DNA samples (N = 13 breast 
cancer WES and N = 15 prostate cancer 3Mb panel) show a 
decrement in VAF for regions for hg38-aligned sample. B) A 
significant enrichment (Chi-square test) was detected for variation 
within and outside homopolymers for variants with discordant VAF. 
Homopolymers were defined as stretches of ≥ 5 equal bases.

Figure 8 | BRCA1 and TP53 genes present dissimilar sequences among hg38 and T2T both in exonic and intronic regions. Reported cases selected from a breast (left) and prostate cancer (right) 
patient show the differential mapping of reads over ClinVar variants. Coverage drops observed in hg38 alignment correspond to diverging sequences characterized by the presence of homopolymers.

Conclusions
• Enhanced read mapping accuracy with T2T-CHM13v2.0 alignment improves the quality of sequencing data. 
• Aligning human sequencing reads to T2T corrects for RMB, enabling a more precise analysis of allele-

specific features, e.g., allelic imbalance quantification and tumor content estimation.
• Variations between hg38 and T2T reference observed in the proximity of ClinVar variants, especially within 

homopolymeric stretches, could potentially impact the detection of low VAF variants in the clinical setting. Contacts
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2. Reference mapping bias (RMB) is significantly reduced in T2T-aligned samples 
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Figure 5 | Sequences proximal to ClinVar entries (±150 bp) 
exhibit mismatches and/or indels among hg38 and T2T.

Introduction The recent T2T-CHM13v2.01 (T2T) reference genome exhibits large-scale differences with respect to previous human genome assemblies, adding over 200 
Mb of novel genomic sequence and providing a more refined representation of repetitive sequences, e.g., homopolymer repeats. Since variations in the nucleotide sequence 
of reference genomes can significantly impact read mapping, we evaluated how aligning human sequencing reads to T2T versus hg38 affects downstream analyses, 
particularly for the estimation of variant allele frequency (VAF) at heterozygous single nucleotide polymorphisms (SNPs) and at clinically relevant variants.

Methods Human (N=81) and cell line (N=8) DNA sequencing data from multiple designs (whole-genome (WGS)2,3, whole-exome (WES)4, and 3Mb targeted sequencing 
panel5) at varying coverages (30x-1000x) were aligned to T2T-CHM13v2.0 and hg38 assemblies to obtain heterozygous SNP (0.2 ≤ VAF ≤ 0.8) pileups. ClinVar, CpG islands, 
and ENCODE TFBS UCSC tracks were analyzed through pairwise sequence alignment. Variant calling was performed on tumor samples with BCFtools6 and Strelka27. 
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Alignment to T2T-CHM13 reference genome solves reference 
mapping bias and improves mapping of clinically relevant variants
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1 Department of Cellular, Computational and Integrative Biology, University of Trento, Trento, Italy

3. Comparison of genomic sequences from annotated 
regions reveals variation among hg38 and T2T1. Aligning reads to T2T-CHM13 reference improves mapping metrics across diverse sequencing designs

Figure 1 | Sequencing data from multiple designs was aligned to 
hg38 and T2T-CHM13v2.0 assemblies to perform reference mapping 
bias analysis and to evaluate variations in read mapping.

Figure 6 | Among 304 actionable genes from COSMIC 
Actionability signature v14, 24 genes harbour more than 30 
pathogenic variants with at least one variation in their proximity.

Figure 3 | VAF estimations for high MAF heterozygous SNPs from T2T-aligned data show less bias towards the reference allele 
with respect to hg38-aligned data. SNPs with discordant VAF estimates among assemblies reported higher VAF values in T2T with 
respect to hg38 (one tailed paired t-test p < 2.22e-16), resulting in a shift towards a more balanced allelic representation.

Figure 2 | T2T-aligned samples exhibit an increase of 
average mapping quality and reduction of error rate when 
compared to hg38-aligned samples.
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Assembly version hg38 T2T Figure 4 | Focusing on ClinVar variants’ proximities, CpG 
islands, and TF binding sites genomic sequences, pairwise 
sequence alignment analysis highlights the presence of 
variation among hg38 and T2T (median of 37% mismatches). 
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4. Reference genome sequence variations within homopolymeric stretches help elucidate differences in SNV VAF estimates among hg38- and T2T- aligned samples

Figure 7 | A) SNV calls of ClinVar sites with sequence variation 
performed with Strelka2 on cell-free DNA samples (N = 13 breast 
cancer WES and N = 15 prostate cancer 3Mb panel) show a 
decrement in VAF for regions for hg38-aligned sample. B) A 
significant enrichment (Chi-square test) was detected for variation 
within and outside homopolymers for variants with discordant VAF. 
Homopolymers were defined as stretches of ≥ 5 equal bases.

Figure 8 | BRCA1 and TP53 genes present dissimilar sequences among hg38 and T2T both in exonic and intronic regions. Reported cases selected from a breast (left) and prostate cancer (right) 
patient show the differential mapping of reads over ClinVar variants. Coverage drops observed in hg38 alignment correspond to diverging sequences characterized by the presence of homopolymers.

Conclusions
• Enhanced read mapping accuracy with T2T-CHM13v2.0 alignment improves the quality of sequencing data. 
• Aligning human sequencing reads to T2T corrects for RMB, enabling a more precise analysis of allele-

specific features, e.g., allelic imbalance quantification and tumor content estimation.
• Variations between hg38 and T2T reference observed in the proximity of ClinVar variants, especially within 

homopolymeric stretches, could potentially impact the detection of low VAF variants in the clinical setting. Contacts
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2. Reference mapping bias (RMB) is significantly reduced in T2T-aligned samples 
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Figure 5 | Sequences proximal to ClinVar entries (±150 bp) 
exhibit mismatches and/or indels among hg38 and T2T.

Introduction The recent T2T-CHM13v2.01 (T2T) reference genome exhibits large-scale differences with respect to previous human genome assemblies, adding over 200 
Mb of novel genomic sequence and providing a more refined representation of repetitive sequences, e.g., homopolymer repeats. Since variations in the nucleotide sequence 
of reference genomes can significantly impact read mapping, we evaluated how aligning human sequencing reads to T2T versus hg38 affects downstream analyses, 
particularly for the estimation of variant allele frequency (VAF) at heterozygous single nucleotide polymorphisms (SNPs) and at clinically relevant variants.

Methods Human (N=81) and cell line (N=8) DNA sequencing data from multiple designs (whole-genome (WGS)2,3, whole-exome (WES)4, and 3Mb targeted sequencing 
panel5) at varying coverages (30x-1000x) were aligned to T2T-CHM13v2.0 and hg38 assemblies to obtain heterozygous SNP (0.2 ≤ VAF ≤ 0.8) pileups. ClinVar, CpG islands, 
and ENCODE TFBS UCSC tracks were analyzed through pairwise sequence alignment. Variant calling was performed on tumor samples with BCFtools6 and Strelka27. 
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Conclusions

- Bioinformatics have high requirements in terms of visualisation. Starting from huge amounts of data, 
we need to show broad overview of results but also precise details.


- DNA is a 1D entity of 3.3B points. At the same time it’s a dynamic 3D physical object. Each DNA base 
is interesting on its own but also in relationship with the others.


- R provides access to visualisation packages that are pivotal for our comprehension of biology and for 
the dissemination of our results.


Visualisation packages used in this presentation: 

ggplot2, ComplexHeatmap, Circlize, patchwork, Gviz, ggrepel, seqvisr, GenomicAlignments
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