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Viaggio al centro del DNA 

Sequenziamento  DNA 
 

Sequencing throughput

HiSeq 2500 
60 billion bp per day 

(2012)

GA IIx 
5 billion bp per day 

(2009)

GA II 
1.6 billion bp per day 

(2008)
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Il genoma umano 



Bio -informatica ? 



The Human Genome project 

 

  Obiettivi: identificare i 30000 geni nel DNA umano e 

determinare la sequenza di 3 milardi di basi->  

  iniziato nel 1990 concluso nel 2003… 

1982 

2012 



Il sequenziamento 



Sequenziamento DNA? 

video   DNA sequencing 
 
://www.youtube.com/watch?v=sn3_FlEbe0U 



The Newspaper Problem 
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The Newspaper Problem 



•  Nel newspaper problem ci sono le regole di Inglese 

•  Non c’è un “linguaggio”  conosciuto  per il DNA 

•  Esempio: “suspect” and “murder” sono correlati. 

DNA Sequencing è più difficile del newspaper 
problem, per almeno 3 motivi 

g a blue hoodie, approximately 6’2” 180 lb 
lice have not yet named any suspects, alt 
y information is welcomed.  Please call (8 aa

e murder occurred at approximately 5:2 a



•  Alfabeto inglese ha 26 lettere, mentre il DNA ha 4 lettere! 

•  Esempio: uso della “z” per connettere i frammenti 

DNA Sequencing è più difficile del newspaper 
problem, per almeno 3 motivi 

onmentalists have cited low levels of  oz a
a

a
ome of  the world’s most visi 
zone as a contributing facto 

what they see as a continued 
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DNA Sequencing è più difficile del newspaper 
problem, per almeno 3 motivi 

Ci sono molte ripetizioni nel DNA che  
rendono la ricostruzione della sequenza 
originale un Pazzle 
 



 sequenziamento …    
    algoritmi su grafi 

Sequenziamento DNA  o assemblaggio grafi 
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 sequenza DNA = cammino di Eulero 

Ponti  di Königsberg 

Trova un ciclo che attraversa ogni ponte una sola volta Leonhard 
Euler, 1735 -> cammino di Eulero 



 Assemblaggio     
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Courtesy of Nature Education. Used with permission.
Source: Green, Eric D. "Strategies for the Systematic Sequencing of Complex
Genomes." Nature Reviews Genetics 2, no. 8 (2001): 573-83.
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 Sequenziatori… oggi   
    

Sequencing throughput

HiSeq 2500 
60 billion bp per day 

(2012)

GA IIx 
5 billion bp per day 
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GA II 
1.6 billion bp per day 

(2008)
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Oxford Nanopore

• Nanopore technology 

• ultralong reads (48kb genome sequenced 
as one read)

Tecnologia MinION 
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 all’inizio     



 …nel 2014   
    



 Today… 



 sequenziamento …    
    algoritmi su grafi 

Sequenziamento DNA  o assemblaggio grafi 

 

 

 

 

 



 Bio-Informatica …    
   le questioni principali 

 

 

 

 

 

 

Riscaldare muscoli algoritmici per risolvere problemi 
di biologia senza indossare il camice di laboratorio  
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How Do We Assemble Genomes? (Graph Algorithms) 
How Do We Compare Biological Sequences? (Dynamic Programming 
Algorithms) 
Are There Fragile Regions in the Human Genome? (Combinatorial 
Algorithms) 
Which Animal Gave us SARS? (Evolutionary Trees) 
How Do We Locate Disease-Causing Mutations? (Combinatorial 
Pattern Matching) 
How do we find mutations to “stop a tumor”? (Linear Integer 
Programming and tree evolution) 
 
http://bioinformaticsalgorithms.com 

Riscaldare muscoli algoritmici per risolvere problemi 
di biologia senza indossare il camice di laboratorio  



IL genoma 

  Il genoma è formato da milioni di basi anche in organismi semplici: 

Batterio (E. Coli)              4.8     Mbp 

Lievito         14.4     Mbp 

Verme (C. elegans)    100.0     Mbp 

Moscerino (Drosophila)    165.0     Mbp 

Uomo (Homo sapiens)           3.3     Gbp

• Per memorizzare ed analizzare un 
intero genoma occorrono grandi 
risorse computazionali 

1 Mbp = 106 1 Gbp = 109 



 Bio-Informatica …    
   e i BIG DATA 

 

 

 

 

 

 

How do we analyze multiple genomes in a few days? 
(Hashing, Burrows Wheeler Transform) 
 
How do we discover interesting genes for a disease in an individual 
in few hours? 
(Indexing by Bloom Filters, Bloom trees, self-indexes) 
  
 
http://bioinformaticsalgorithms.com 

Si impara a trattare dati di grandi dimensioni e come 
risparmiare sulle risorse computazionali 
(memoria e tempo di calcolo) 
 



IL Viaggio continua… 

grafo - Pan-genome  
 

genoma è una sequenza? 

+ algoritmi … 
Terapia  
ad hoc 



 Il genome è una sequenza? 

 

 

 

 

 

 



 algoritmi su sequenze 

 

 

 

 

 

 



Edit Distance: Example 
TGCATAT à ATCCGAT in 5 passi 
 

TGCATAT   à (delete last T) 
TGCATA     à (delete last A) 
TGCAT       à (insert A at front) 
ATGCAT     à (substitute C for 3rd G) 
ATCCAT     à (insert G before last A)  
ATCCGAT       (Done) 
  
 

    



Edit Distance: Example 
TGCATAT à ATCCGAT in 5 steps 
 

TGCATAT   à (delete last T) 
TGCATA     à (delete last A) 
TGCAT       à (insert A at front) 
ATGCAT     à (substitute C for 3rd G) 
ATCCAT     à (insert G before last A)  
ATCCGAT       (Done) 
What is the edit distance?  5? 
 

    



Edit Distance: Example (cont’d) 

TGCATAT à ATCCGAT in 4 steps 
 

TGCATAT   à (insert A at front) 
ATGCATAT à (delete 6th T) 
ATGCATA   à (substitute G for 5th A) 
ATGCGTA   à (substitute C for 3rd G) 
ATCCGAT  (Done) 

         



Edit Distance: Example (cont’d) 

TGCATAT à ATCCGAT in 4 steps 
 

TGCATAT   à (insert A at front) 
ATGCATAT à (delete 6th T) 
ATGCATA   à (substitute G for 5th A) 
ATGCGTA   à (substitute C for 3rd G) 
ATCCGAT  (Done) 

       Can it be done in 3 steps??? 



Allineamento 

allineamento :  2 * k matrix ( k > m, n ) 

A T -
- 

G T A T -
- 

A T C G -
- 

A -
- 

C 

Lettere di v 

Lettere di w 
T 

T 

4 matches 
2 insertions 

2 deletions 

Date 2 sequenze di DNA v and w: 



Allineamento 
An Introduction to Bioinformatics Algorithms www.bioalgorithms.info 
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An Introduction to Bioinformatics Algorithms www.bioalgorithms.info 
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Imagine seeking a 
path (from source 
to sink) to travel 
(only eastward and 
southward) with the 
most number of 
attractions (*) in the 
Manhattan grid Sink 
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 mutazioni nel DNA 

 

 

 

 

 

 

Malattie monogenetiche 
 
- anemia falciforme 

HBB gene -> omoglobina  
https://evolution.berkeley.edu/evolibrary/article/mutations_06 



 mutazioni nel DNA 

 

 

 

 

 

 

Malattie monogenetiche 
 
- Fibrosi cistica 

CFTR gene  almeno 2000 mutazioni diverse nello stesso gene 
del cromosoma 7q31.2  



 aplotipi ed ereditarietà 

 

 

 

 

 

 

The%Haplotypes%are%
fundamental%in%the%study%of%
gene<c%varia<ons%
(Browning%and%Browning,%2011)%
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 variazioni del DNA in popolazioni 

 

 

 

 

 

 

The 1000 Genomes Project Consortium. An integrated 
map of genetic variation from 1,092 human genomes. 
Nature, 1 November 2012. 



 Il genome è una sequenza? 

 

 

 

 

 

 



 E’ un grafo…pan-genoma 

 

 

 

 

 

 

 E’ un grafo…pan-genoma 

 

 

 

 

 

 

Esempio: dopo  una T può esserci una G oppure una C 

Il grafo rappresenta più sequenze o genomi: 
 
  



 E’ un grafo…pan-genoma 

 

 

 

 

 

 



IL Viaggio continua… 

grafo - Pan-genome  
 

genoma è una sequenza? 

+ algoritmi … 
Terapia  
ad hoc 



 algoritmi su alberi (evoluzione) 

 

 

 

 

 

 



 algoritmi su alberi (evoluzione) 

 

 

 

 

 

 

Perfect Phylogeny Problem

A J H L V
Scorpion 0 0 0 0 0
Lamprey 0 0 0 0 1
Tuna 0 1 0 0 1
Salamander 0 1 0 1 1
Turtle 1 1 0 1 1
Leopard 1 1 1 1 1

Problem
Input: a binary matrix M

Output: a tree explaining M,
if it exists

Solution
Linear time algorithm (Gusfield, Networks 1991)
Sort the columns by decreasing number of 1s

P. Bonizzoni (UNIMIB) Evolution from discrete data 23 September - AMS 2017- 4 / 21

V = vertebral 
column  

L = legs A = amniotic egg H = hair 
J = jaws 



Una tappa del viaggio … 

cause genetiche + sintomi + 
stile di vita 
 = diverso trattamento 

Esempio: Fibrosi cistica   
 
 
 
  
 
 
F508del genotype 
 
  

Varietà di 
risposta al 
farmaco 



Medicina di precisione 

pazienti con  variazione genetica: 
  

farmaco  target per variazione 



Medicina di precisione 

pazienti con  variazione genetica: 
  

farmaco  target per variazione 



 pan-genomica informatica: 
  obiettivi 

- rappresentare e costruire genomi di popolazione: 
  
                    
- confrontare  pan-genomi per: 

determinare variazioni geniche,  
associare variazioni a patologie, 
studiare evoluzione degli individui 
 

Algoritmi e strutture dati per grafi di pan-genomi  



 pan-genoma: 
le strutture dati 

Sequenze ripetute o simili  ≈ terabytes =1012  
                   ? 
memorizzazione, indicizzazione  



 pan-genoma: 
gli algoritmi e le strutture dati 

Sequenze ripetute o simili  ≈ terabytes =1012  
                   ? 
memorizzazione, indicizzazione  

Algoritmi  su 
strutture dati compresse  
 
                     Bit Vectors

E�cient data structure used to store a set of bits

0 0 0 0 0 0 01 1 1 11B 1 0
2 3 5 9 11 12 144 8 10 131 6 7

rank(7) = 3

select(5) = 10

Properties:

- space e�cient

- fast, both operations in O(1)1

1
Vigna. Broadword Implementation of Rank/Select Queries. WEA (2008)

XXXII cycle Luca Denti September 24, 2018 13 / 33



 pan-genoma: 
 un’ esplosione di dati 

“L’ European Bioinformatics Institute (EBI) in  UK memorizza  
20 petabyte (1 petabyte = 1015 bytes) di dati biologici”  
… acceleratore CERN produce 15 petabytes di dati fisici 
tratto da The big challenge of big data 13 JUNE 2013 -NATURE | 255  
 

genome sequencers, small biology labs can 
become big-data generators. And even labs 
without such instruments can become big-
data users by accessing terabytes (1012 bytes) 
of data from public repositories at the EBI or 
the US National Center for Biotechnology 
Information in Bethesda, Maryland. Each 
day last year, the EBI received about 9 mil-
lion online requests to query its data, a 60% 
increase over 2011.

Biology data mining has challenges all of 
its own, says Birney. Biological data are much 
more heterogeneous than those in physics. 
They stem from a wide range of experiments 
that spit out many types of information, such 
as genetic sequences, interactions of proteins 
or findings in medical records. The complexity 
is daunting, says Lawrence Hunter, a compu-
tational biologist at the University of Colo-
rado Denver. “Getting the most from the data 
requires interpreting them in light of all the 
relevant prior knowledge,” he says.

That means scientists have to store large data 
sets, and analyse, compare and share them — 
not simple tasks. Even a single sequenced 
human genome is around 140 gigabytes in size. 
Comparing human genomes takes more than 
a personal computer and online file-sharing 
applications such as DropBox.

In an ongoing study, Arend Sidow, a com-
putational biologist at Stanford University in 
California, and his team are looking at specific 
changes in the genome sequences of tumours 
from people with breast cancer. They wanted 
to compare their data with the thousands of 
other published breast-cancer genomes and 
look for similar patterns in the scores of dif-
ferent cancer types. But that is a tall order: 
downloading the data is time-consuming, 
and researchers must be sure that their com-
putational infrastructure and software tools 
are up to the task. “If I could, I would routinely 
look at all sequenced cancer genomes,” says 
Sidow. “With the current infrastructure, that’s 
impossible.” 

In 2009, Sidow co-founded a company 
called DNAnexus in Mountain View, Califor-
nia, to help with large-scale genetic analyses. 
Numerous other commercial and academic 

efforts also address the infrastructure needs of 
big-data biology. With the new types of data 
traffic jam honking for attention, “we now have 
non-trivial engineering problems”, says Birney, 

LIFE OF THE DATA-RICH
Storing and interpreting big data takes both 
real and virtual bricks and mortar. On the EBI 
campus, for example, construction is under 
way to house the technical command centre 
of ELIXIR, a project to help scientists across 
Europe safeguard and share their data, and to 
support existing resources such as databases 
and computing facilities in individual coun-
tries. Whereas CERN has one super collider 
producing data in one location, biological 
research generating high volumes of data is 
distributed across many labs — highlighting 
the need to share resources. 

Much of the construction in big-data biol-
ogy is virtual, focused on cloud computing 
— in which data and software are situated in 
huge, off-site centres that users can access on 
demand, so that they do not need to buy their 
own hardware and maintain it on site. Labs that 
do have their own hardware can supplement it 
with the cloud and use both as needed. They 
can create virtual spaces for data, software and 
results that anyone can access, or they can lock 
the spaces up behind a firewall so that only a 
select group of collaborators can get to them. 

Working with the CSC — IT Center for Sci-
ence in Espoo, Finland, a government-run 
high-performance computing centre, the 
EBI is developing Embassy Cloud, a cloud-
computing component for ELIXIR that offers 
secure data-analysis environments and is cur-
rently in its pilot phase. External organizations 
can, for example, run data-driven experiments 
in the EBI’s computational environment, close 
to the data they need. They can also download 
data to compare with their own. 

The idea is to broaden access to computing 
power, says Birney. A researcher in the Czech 

Republic, for example, might have an idea 
about how to reprocess cancer data to help the 
hunt for cancer drugs. If he or she lacks the 
computational equipment to develop it, he or 
she might not even try. But access to a high-
powered cloud allows “ideas to come from any 
place”, says Birney. 

Even at the EBI, many scientists access 
databases and software tools on the Web 
and through clouds. “People rarely work on 
straight hardware anymore,” says Birney. One 
heavily used resource is the Ensembl Genome 
Browser, run jointly by the EBI and the Well-
come Trust Sanger Institute in Hinxton. Life 
scientists use it to search through, down-
load and analyse genomes from armadillo to 
zebrafish. The main Ensembl site is based on 
hardware in the United Kingdom, but when 
users in the United States and Japan had dif-
ficulty accessing the data quickly, the EBI 
resolved the bottleneck by hosting mirror 
sites at three of the many remote data centres 
that are part of Amazon Web Services’ Elastic 
Compute Cloud (EC2). Amazon’s data centres 
are geographically closer to the users than the 
EBI base, giving researchers quicker access to 
the information they need.

More clouds are coming. Together with 
CERN and ESA, the EBI is building a cloud-
based infrastructure called Helix Nebula 
— The Science Cloud. Also involved are infor-

mation-technology  
c omp an i e s  s u c h 
as Atos in Bezons, 
France; CGI in Mon-
treal, Canada; SixSq 
in Geneva; and T-Sys-
tems in Frankfurt, 
Germany. 

Cloud computing is 
particularly attractive 
in an era of reduced 

research funding, says Hunter, because cloud 
users do not need to finance or maintain hard-
ware. In addition to academic cloud projects, 
scientists can choose from many commercial 
providers, such as Rackspace, headquartered 
in San Antonio, Texas, or VMware in Palo 
Alto, California, as well as larger companies 
including Amazon, headquartered in Seattle, 
Washington, IBM in Armonk, New York, or 
Microsoft in Redmond, Washington.

BIG-DATA PARKING 
Clouds are a solution, but they also throw 
up fresh challenges. Ironically, their prolif-
eration can cause a bottleneck if data end 
up parked on several clouds and thus still 
need to be moved to be shared. And using 
clouds means entrusting valuable data to a 
distant service provider who may be subject 
to power outages or other disruptions. “I use 
cloud services for many things, but always 
keep a local copy of scientifically important 
data and software,” says Hunter. Scientists 
experiment with different constellations to 

DATA EXPLOSION
The amount of genetic sequencing data stored 
at the European Bioinformatics Institute takes 
less than a year to double in size.

Sequencers begin 
giving flurries of data
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Andreas Sundquist says amounts of data are now 
larger than the tools used to analyse them.
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“If I could, I 
would routinely 
look at all 
sequenced 
cancer genomes. 
With the current 
infrastructure, 
that’s 
impossible.”
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BIG DATA TECHNOLOGY
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Il viaggio in futuro … 

DNA del virus EBOLA?  
Controlla il file… 



Il viaggio in futuro … 

DNA del virus EBOLA?  
Controlla il file… 

Aspetta che 
calcolo? 

EBI 



Il viaggio in futuro … 

EBOLA 
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Il viaggio in futuro … 

“GLI ALGORITMI SONO PIÙ SAGGI E BRAVI 
DI NOI nel prendere decisioni” – IL PREMIO 
NOBEL DANIEL KAHNEMAN 

PIÙ VELOCI  ED EFFICIENTI   


