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Abstract

Maotivation: Error correction is a fundamental pre-processing step in many Next-Generation Sequencing (NGS) pipe-
lines, in particular for de nove genome assembly. However, existing error correction methods either suffer from
high false-positive rates since they break reads into independent k-mers or do not scale efficiently to large amounts
of sequencing reads and complex genomeas.

Results: We present CARE—an alignment-based scalable error correction algorithm for llumina data using the con-
cept of minhashing. Minhashing allows for efficient similarity search within large sequencing read collections which
enables fast computation of high-guality multiple alignments. Sequencing errors are corrected by detailed inspec-
tion of the corresponding alignments. Our performance evaluation shows that CARE generates significantly fewer
false-pasitive corrections than state-of-the-art tools (Musket, SGA, BFC, Lighter, Boool, Karect) while maintaining a
competitive number of true positives. When used prior to assembly it can achieve superior de novo assembly results
for a number of real datasets. CARE iz also the first multiple sequence alignment-based error corrector that is able to
process a human genomea lllumina NGS dataset in only 4 h on a single workstation using GPU accelaration.
Availabilityand implementation: CARE is open-source software written in C++ (CPU version) and in CUDAC++
(GPU version). It is licensed under GPLv3 and can be downloaded at https:/fgithub.com/fkallen/CARE.

Contact: kallenborn@uni-rmainz.de or bertil. schmidt@uni-mainz.de,

Supplementary information: Supplementary data are available at Bisinformatics online.
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We present an MhA-based error corrector for lomma data—
called CARE—thar can efficently scale rowards human-soee
genomes. CARE i5 based on a varant of seeebasbing to quickly find
a set of candedare reads which are sumilar to a query read with hagh
probabilicy. This allows for fast construction of high-gualiey M5As
that are further refined and then mspected in detall 1o perform
contexe-aware correction. 'We demonstrate that our approach s
beneficial o

1. runpme and scalalbiliey,
2. reduction of false-posiives corrections and
3. downstream analyss usmg de moeo genome assembly

In parmcular, the speed of CARE s comparable wo the fastese
state-of-the-art E-mer specerum methods bt produces sigmficantly
fewer [alse-positive correctons while maintaiming a competinve
number of true positves, le effweently scales rowards large sequenc-
ing read collections (such as human genome BGS data) resulting in
significantly shorter runtimes than the recent M5A-based methods
while sull producing around one order-of-magnitude fewer false
positives on average. o particular, low numbers of fake positives
fi.e. fewer newly introduced errors) are an attractive feature for
downstream analysis. We show that prior applicaton of CARE
resules in supenor de aoro assembly results for several darasers com-
pared o other error correction tools.

2 Approach

Consider a massive collecnon of sequencing reads. Our aim 5 o ef-
ficiently caleulare similannes between them to constroct meaningful
MSAs A brute-force approach thar computes all pairwase align-
ments 15 computabonally infeasible due po the large dara sizes
MSA-based error correction approaches often consider  awechor
reads. Each anchor 15 algned 1o a set of candudare reads o find a
consensus sequence which s used for correction. A key aspect s the
selection of candidare reads, which needs wo be accurare and gquack.
For example, Coral (Salmela and Schrader, 2001 ) and ECHO (Kao
et al., 2011} idennfy candidare reads thar share ar least one exact k-
mer with the anchor. Unfortunately, this sumple method has bow sen-
sutrvity for large values of &, since many relevant candudare reads
will be missed and has low selectiviey for small values of &, since the
number of idennfied candidare reads grows enormously.

We address this problem using a vanant of seecbashorg o quick-
Iy find a st of candidate reads whach are very similar wo the anchor
read with high probalality. Read segratures are generaved by apply-
g a number of hash funcnons o each k-mer of a read and choosing
the smallest hash value for each funcivon. These sagnamres provide a
memory-reduced representation which can be used for stning com-
panson: the relabive intersection ratios of two read apnatures ap-
procomate the troe Jaccard Index evaluated on therr whole f-mer
space. CARE 15 thus able o wse a relatively small value of & (£ =20
by default) to idenify candidaee reads with both hagh selectiviry and
high sensitiviry.

e 1 5
(2007). Our approach requires only a standard woskseanon with a
sufficrent amount of main memaory. We take advantage of common-
ly available parallehsm by explommg multi-threadmg on modern
mult-core CPUs, In addition, we provide a CUDA versaion to exploi
GPUS for acceleraning the compute-intensive parts of ouwr pipeline.

32 Materials and methods
3.1 Algorithm

In the following, we explain the individual seeps of the overall work-
flow of CARE (Fig. 1) In addition, there is an outial stage for daga-
base construction and a post-processing stage for consensus voting
from different corrections of the same read.

3.1.1 Database construction

Consider a collection of reads B = {r,....r, | and an inpur param-
eter k. Unless otherwise stated, we assume each read vo be of equal
length [. In a pre-processing step, all ambiguous nucleondes can be
randomly replaced by A, C, G or T, This is required for reads to par-
tcipate i error correction. Furthermore, let By .. b be H hash
funcrrons that map E-mers po umgue integers used for minhashing.

Each read r; & B 15 transformed mto its set of strand-newtral ca-
noaical k-mers (@ canomical E-mer 15 the lexicographically smaller
one of a k-mer and s reverse complement). Subsequently, each
hash funcoon B, s apphed o every canonscal E-mer. Ooly the H
smallest resulting integers for each hash function are kepr represent-
g the sigalure of 7.

All signatures are inserted into a database. The database consases
of H hash wables [key-value spores). The jth hash table 15 associared
with the hash fuscnon b, In each bucker, we store the hash value as
kev and the [Ds of all reads containing this hash value ar position §
of their sygnature. If a bucket exceeds a certamn number of reads (de-
faule: 2.5 estimared_coverage), it is considered uninformanve and
vs removed from the hash table.

1.1.2 Darabase querving

We consider each r; £ R as anchor read. To find an mitial set of can-
dedare reads Cir), the read signature of r; 15 calculared again and
vsed to query the database. The query returns a hise of read [Ds for
each hash mble 5, Le. these reads have the idenncal minhash signa-
ture at the position p. Cir;)ois the umon of the returned read 1D for
allye {1...., H}.

1.1.3 Filiering of candidare reads

Sance munhashing 15 a probabihistic measure, it does not necessanly
guarantes sufficiently high degrees of similacity berween the anchor
r; amd every read mn Ofr;). Thos, we further refine the set of candi-
dates to abtain a potentially smaller ser of highly simular candidares
Fir:). ldeally, the fleered ser Fir;) should only contain reads with
high overlaps and very few msmanches o the anchor, thus maxime-
g the probabality thar they are sequenced from the same genoomic
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of H hash wables [key-value spores). The jth hash table 15 associared
with the hash fuscnon b, In each bucker, we store the hash value as
kev and the [Ds of all reads containing this hash value ar position §
of their sygnature. If a bucket exceeds a certamn number of reads (de-
faule: 2.5 estimared_coverage), it is considered uninformanve and
vs removed from the hash table.

1.1.2 Darabase querving

We consider each r; £ R as anchor read. To find an mitial set of can-
dedare reads Cir), the read signature of r; 15 calculared again and
vsed to query the database. The query returns a hise of read [Ds for
each hash mble 5, Le. these reads have the idenncal minhash signa-
ture at the position p. Cir;)ois the umon of the returned read 1D for
allye {1...., H}.

1.1.3 Filiering of candidare reads

Sance munhashing 15 a probabihistic measure, it does not necessanly
guarantes sufficiently high degrees of similacity berween the anchor
r; amd every read mn Ofr;). Thos, we further refine the set of candi-
dates to abtain a potentially smaller ser of highly simular candidares
Fir:). ldeally, the fleered ser Fir;) should only contain reads with
high overlaps and very few msmanches o the anchor, thus maxime-
g the probabality thar they are sequenced from the same genoomic
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e 1 5
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mult-core CPUs, In addition, we provide a CUDA versaion to exploi
GPUS for acceleraning the compute-intensive parts of ouwr pipeline.

32 Materials and methods
3.1 Algorithm
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funcrrons that map E-mers po umgue integers used for minhashing.

Each read r; & B 15 transformed mto its set of strand-newtral ca-
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candidare read sev O ). (bl All reads in Oy ) are aligeed o n. Beads wib a relanvely bow semi-glodal pairwise alignment qualicy &re removed, resulnng i the fileered ser of
candidare reads (Fir, ). (€) The inicial MSA is comsarucred areand che center v wang Flr, L (d] The MSA is refined by removing candidare reads with & significancly differenr pac-
term from the anches (Le. s, rrz. - inothe exampled. (e) The anchoer read (the seventh nucleorsde in v im the example) and opticnally some of the candidases are correcred (the

fifth nuscleotide in ry in the example)

regron. However, the number of identified candidate reads can vary
due to non-uniform coverage, repeats and hagh error rates. Thus, a
flexible algonthmic procedure 15 required.

We compute a pairwise semi-global alignment between r;oand
each ¢ € Cir], as well as berween r; and the reverse complement of
¢, msamilar candidate reads produce low-qualiey alignments and
are removed froom Clr ). The remaining reads with high somilariny
are partitioned according vo therr alignment quality.

CARE s designed for Hlwmina dara where substitutions are the
dommant ervor souwrce. Thus, we only consider gap-iree sermi-glohal
pairwise alignments. These can be computed efficiently via shifted
hamuming destance (Xin of o, 2015). We determine an oprmal shife
value 5, = + & < & < § — &, such that of ¢ 15 shifved 1o the nght by s
positions relative bo r, the overlap between r and ¢ has minumal
hamming distamce (e). MNegative values of £ indicate left shifis,
Candidates wath a shifted hammang distance greater than a thresh-
old (default: ¢« = 0.2 -m'r.rlﬂ.'pu“] are removed. Mote thar we only

cwwricidors  alinmmonre sinrth coaffimesnr saedan ldefanls. & — 3.0

314 Inanal MSA construction

An eeal M5A M s constructed wsang Fir,) and r; as the center se-
quence in a manner similar to the well-known center star alignment
approximateon algorithm (Gusbield, 1997). Ler sfeganr and rewd de-
note the column mdices in M such thae « [0 s located in column
rbegin and vl — 1] in column rend. The position of candidate reads
within M i determuned by ther previously caleulaved oprumal shifa
value 2, e.g. the leftmost column occupied by a candidate is rbegrn +
5.

We store weights of A, O, G oand T for cach M5A column. The
weight of an individual noclestide ranges between 0.0 and 1.0 and
i5 determined by a combmaton of the alignment qualiey of the cor-
responding candidate and the quality score (if the input is a FASTCG
fle). Thus, nucleotedes with high-gualiey scores coming from candi-
date reads that are very samilar to the anchor are assagned higher
weights,

The consensus of a column in M s determined as the nucleotde
with haghest accumulative weight within the respective column. The
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Table 1. Simulated 1S1-57) and real {R1-A3) datasets used for evaluation

Name Ckrganism Cow. Hikeq 2000 SiSeq v3
o of reads No. of errors oo of reads Mo of errors

a1 . elegans Allw (R Y 12 aN 1281 45551
51 . elegamns il = Al 2% 45 151 41M 4798
53 A_thaliana Allw 35.8M 2695 145381 SR.aM
54 A_thaliama il = T1LTM 5388 TEaM 116.AM
55 Hum. Chr. 14 Al 2a.5M 1%. 95 To.ehd 4310
S Hum. Chr. 14 il = A3.081 35 868 22am O |
57 Human Al 414.7M GEF. 1M Ja5SM 148N
K1 (. elegams .3 ATTM Unknaown

R Dmelanogaster G = Th.9M Unkngwn

K3 Aiptasia 1 53.5M Unknaown

Miote: Simulaced Hi%eg 20080 damasers have a read lengeh of 100 and an error race of 0.75%. Simulated MiSeq v3 dasers have a read lengrh of 250 with an
error race af 1.62%. Mo, of errors indicares the toral number of erroneoas nucleotsdes. The real damsers have a read lengrh of 101 and are downloaded from che
MBI SEA using the accession numbers SER5437 356, SER9ER0TS, SRR 04428,

Figure 2 shows the average relabve improvement of CARE
over all datasets compared o each other too] for each caregory.
Absolute numbers of TPs and FPs for each ool, each somulated
dataset and each sequencing technology (Hi%eq2000 and MiSeq v3)
are avaitlable i Supplementary File, Supplementary Sectiom 55,
Supplementary Tables 54 and 55, CARE achieves the lowest nuniber
of FP4 and the lowess FP-rare for all tesed darasers while mainain-
g a competitive number of TP On average for the HiSegq2000
datasets the number of FPs and the FP-rate of CARE s over ome
order-of-magnitude smaller compared o Muosker, 5GA, Beool and
Lighter and close to one order-of-magnitude smaller compared o
Karect and BFC. On average lor the Mi%eg v3 datasets, the nuniber
of FI% and the Fl-rate of CARE 5 two orders-ol-magnitude smaller
compared o Muosker, over one order-od-magnmitede smaller 56GA,
Karect and Lighter and over five pmes smaller compared o BFC,
O average the number of TP of CARE s laghly competitive, fall-
ing short by only approsamately 4% compared to the best TP values
for the Hiseq datasets (compared o 56GA, Karect, BFC) and falling
less than 1% short for the MiSeq datasers (compared o Karect).
To analyze the influence of selected parameter values, we present
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Fig- 2. Average impeovement fecoor of CARE over seleoed rools for the sumsher of
s pasitive correctians | TP, the number of fale-posimve corrections (FP) and the
number of felse-poamve comrections per one million correcnons | FPrae). A value
greaner than eee idicases advantage of CARE



Protein isoelectric point calculator

Home Theory Datasets Algorithms Results Links

Datasets used for isoelectric point optimization

Initial no. No. entries with No. entries after No. entries after

Dataset . . . . .

entries sequence and pI removing outliers removing duplicates

Gauci et al. 5,758 5,758 NA NA

PHENYX 7,582 7.582 NA NA

SEQUEST 7,629 7,629 NA NA

IPC peptide - 20,969 20,969 16,882 [25] [75]

SWISS-2DPAGE 2,530 1,054 1,029 982

PIP-DB 4,947 2,427 2,254 1,307

IPC protein - 3.481 3,283 2,324 [25] [75]

Mote:

« all datasets presented in the table are available as hyperlinks, final datasets were divided randomly into 75% training and 25% testing subsets (hyperlinks denoted
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Abstract

Meotivation: Error correction is a fundamental pre-processing step in many Next-Generation Sequencing (NGS) pipe-
lines, in particular for de novo genome assembly. However, existing error correction methods either suffer from
high false-positive rates since they break reads into independent k-mers or do not scale efficiently to large amounts
of saquencing reads and complex genomes.

Results: We present CARE—an alignment-based scalable error correction algorithm for lllumina data using the con-
cept of minhashing. Minhazhing allows for efficient similarity search within large sequencing read collections which
anables fast computation of high-guality multiple alignments. Sequencing errors are corrected by detailed inspec-
tion of the corresponding alignments. Qur performance evaluation shows that CARE generates significantly fewer
false-positive corrections than state-of-the-art tools (Musket, SGA, BFC, Lighter, Beool, Karect) while maintaining a
competitive number of true positives. When used prior to asseambly it can achieve superior de novo assembly results
for a number of real datasets. CARE is also the first multiple sequence alignment-based error corrector that is able to
process a human genome lllumina NGS dataset in only 4 h on a single workstation using GPU acceleration.
Availabilityand implementation: CARE is open-source software written in C++ (CPU version) and in CUDA/C++
(GPU version). It is licensed under GPLv3 and can be downloaded at https:github.com/fkallen/CARE.

Contact: kallenborn@uni-mainz.de or bertil. schmidt@uni-mainz.de,

Supplementary information: Supplementary data are available at Bioinformatics online.
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Koripwskl, Lukasz P, 2022 "Supplementary Data for “Molecular characterization of a DM& polymesase from

Thermus thermopiniius MATT2 phage vE_T17Z, & novel type-a family enzyme with strong proofreading actrtty
by Dorawa 5., Werbowy 0. Plotka M, Kacrorowsks & -5, Makowsica J, Koziowskl LF, Fridjonsson OUHL, Leam atair Cale CRebon Sardands

Hreggwdssaon 6.0, AEvarsson A, Kaczonwskl T, htips:idol.ong!1 0. 181 3 DDEENT, Repod, v

iZ CéeDwiaset -

Description Eacinformatics resutts related {o the artick “Miokecultar charactenzation of a Dk, polymerase from Thermus
thermophilus MAT?Z phage v8_TITZ. a nowel type-& family enzyme with sirong proodreading acthvity”

crude_refinment_models 2models from GalanyRefine
|—— moa=_1 pob
|—— mod=_2 pdb
|—— moa=_3 pob
|—— modsl_2 pob
L—— model_3 pdb

| —— DMA_polymeras=_phage_Tr72_model_afer_refimement.pdt  #final model - POE format

—— Ohu_polymerass_phage_Ti72_model_afier_refinement png  &#final mode - USCF Chimen v.1.1 3 session
—— DM_polymerass_phage_Ti?2_modes_afer_refinsment py

—— DMa_polymersse_phage_Ti?2_modesl_afer_refimement_seclion.png

—— Dhu_polymerase_phage_Ti?2_modes_afer_refinement_section2 png

—— DMa_polymersss_phage_Ti?2_model_befare_refinement pdb

—— Dhu_polymerase_phage_Ti72_model_before_nefinsment gy

L FigZAodg
—— FigZapng

—— README 1xt

—— Ti7Z_alignment. fas #aligniment
— TITZ i FTI72 misdel snmation
L—— Ti72 fasts gprotein sequence

[2022)

Subject Compuler and Information Science; Medicine, Heaith and Life Sciences
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Code repositories

C) GitHub



Number of abstracts containing repository name

Code repositories

. ) GitHub

800 -
600 -

400 -

m‘ II

2009 2010 2011 2012 2013 2014 2015 2016 2017
Year of publication in Biocinformatics (Oxford University Press)

Repaository
Abstracts with none of these
[ Bitbucket
B SourceForge
B GitHub

ADP
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Code

@, python’




Code

ADP
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Code & Analysis

Source code of the program
but also

Scripts generating tables and figures

: Jupyter covid_19_dashboard Last Checkpoint: Last Friday at 11:45 PM (unsaved changes) v* [ o Logout
File Edit View Insert Cell Kernel Widgets Help ‘ Trusted & ‘Py1hon3 (o]
+ < @ B 4 ¥ MRin B C B Code 5 = | & Voila
In [13]: # importing libraries

In

In

[14]:

[15]:

[16]:

[17]:

[18]:

from __ future__ import print_function
from ipywidgets import interact, interactive, fixed, interact_manual
from IPython.core.display import display, HTML

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
import plotly.express as px
import folium

import plotly.graph_objects as go
import seaborn as sns

import ipywidgets as widgets

# loading data right from the source:

death_df = pd.read_csv('https://raw.githubusercontent.com/CSSEGISandData/COVID-19/master/csse_covid 19 _data/csse_covid_
confirmed df = pd.read_csv('https://raw.githubusercontent.com/CSSEGISandData/COVID-19/master/csse_covid 19 data/csse_cc
recovered_df = pd.read_csv('https://raw.githubusercontent.com/CSSEGISandData/COVID-19/master/csse_covid_19_data/csse_cc
country df = pd.read_csv('https://raw.githubusercontent.com/CSSEGISandData/COVID-19/web-data/data/cases_country.csv')

confirmed df.head()
recovered_df.head()
death_df.head()

country_df.head()
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Code & Analysis

Source code of the program
but also

Scripts generating tables and figures

- Git_Hub

qu pytgr
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Code & Analysis

Source code of the program
but also

Scripts generating tables and figures

» Git.Hub

jupyter
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Why do reproducible research?
- to show evidence of the correctness of your results

- to enable others to make use of our methods and
results



ADP

What are the principles of reproducible research?

An article about computational results is advertising, not scholarship.
The actual scholarship is the full software environment, code and data,

that produced the result. .
(Claerbout and Karrenbach 1992)
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What are the principles of reproducible research?

An article about computational results is advertising, not scholarship.
The actual scholarship is the full software environment, code and data,

that produced the result. .
(Claerbout and Karrenbach 1992)

Reproducibility Spectrum

Publication +

Publication : Full
Linked and cE
only Code ] Sﬁg ¢ aact replication
code and data

Not reproducible y Gold standard

L
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What are the principles of reproducible research?

The main outcome of scientific

projects remain the publication, BN Middle 10%
but its impact is limited up to 5 B Middle 25%
10-15 years = Middle 50%
2 47 |
4
S
02T
Re| 24
Publication + 1
Publication
only L~ N
Code 0% 2 4 6 & 10 12 14 16 18 20 22 24
Age
Time dependency of the citations with respect to
Not reproducible the age of the article (most of the citations are

| P ———————— received within a 2-5 year period)
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What are the principles of reproducible research?

An article about computational results is advertising, not scholarship.
The actual scholarship is the full software environment, code and data,

that produced the result. .
(Claerbout and Karrenbach 1992)

Reproducibility Spectrum

Publication +

Publication : Full
Linked and cE
only Code ] Sﬁg ¢ aact replication
code and data

Not reproducible y Gold standard

L
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What are the different kinds of reproducible
research?

* Computational reproducibility: when detailed information is
provided about code, software, hardware and
Implementation details.

* Empirical reproducibility: when detailed information is
provided about non-computational empirical scientific
experiments and observations. In practise this is enabled by
making data freely available, as well as details of how the
data was collected.

* Statistical reproducibility: when detailed information is
provided about the choice of statistical tests, model
parameters, threshold values, etc. This mostly relates to pre-
registration of study design to prevent p-value hacking and
other manipulations.
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What needs to be reproducable?

* Actual results themselves, which includes:
>Tables
>Visualizations/figures/graphs
>Values reported in the text

* The statistical evidence in support of the
findings (e.g., p-values, confidence intervals,
credible intervals)



Rules of reproduction study ADP

* Release the code

* Students/Developers/You will leave, plan for it
* Create permanent email addresses

* Create project websites

* Use a source code control system

* Backup your code

* Resolve licensing issues

* Plan for longevity

* Avoid cool but unusual designs/techniques/programming
languages, etc.



Rules of reproduction study ADP

Step 1: Before data analysis

] Are raw data safely stored in multiple locations using multiple media?
L] Are final data stored in a portable, non-proprietary format?
(] Are final data formatted appropriately for analysis?

[0 Are data paired with adequate metadata?

https://doi.org/10.1002/bes2.1801



Rules of reproduction study ADP

Step 1: Before data analysis

L] Are raw data safely stored in multiple locations using multiple media?
L1 Are final data stored in a portable, non-proprietary format?

(] Are final data formatted appropriately for analysis?

[ Are data paired with adequate metadata?

+

Step 2: During data analysis

[] Is code clean, readable, and appropriately formatted?
[] Is code thoroughly commented?
[] Hawve data and code been reviewed by at least one collaborator or friend?

[ ] Hawve all software versions and computing environments been documented?

https://doi.org/10.1002/bes2.1801



Rules of reproduction study ADP

Step 1: Before data analysis

L] Are raw data safely stored in multiple locations using multiple media?
L] Are final data stored in a portable, non-proprietary format?

(] Are final data formatted appropriately for analysis?

[ Are data paired with adequate metadata?

+

Step 2: During data analysis

[ Is code clean, readable, and appropriately formatted?
[] Is code thoroughly commented?
[] Hawve data and code been reviewed by at least one collaborator or friend?

[] Hawve all software versions and computing environments been documented?

v

Step 3: After data analysis

1 Are explicit instructions on locating data, metadata, and code detailed in the
manuscript?
C1 Wil data, metadata, and code be shared together at a permanent site?  https://doi.org/10.1002/bes2.1801



Thank you for your time
and
See you at the next lecture

Any other
guestions & comments

lukaskoz@mimuw.edu.pl
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