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Our body

AOur body consists of a number of organs
AEach organ composes of a number of tissues

AEach tissue composes of

Permisaion required for reproduction or disglay
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Cell

ACell performs two type of functions:
I Perform chemical reactions necessary to maintain our life
I Pass the information for maintaining life to the next generation

AActors:

I DNA stores and passes information
I RNAIs the intermediate between DNA and proteins
I Protein performs chemical reactions

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)



Central Dogma

ACentral Dogma tells us how we get the protein from a gene. This
process is called gene expression.

AThe expression of gene consists of steps
I Transcription: DNA A mRNA
I Translation: mMRNA A Protein
I Post-translation Modification: Protein A Modified protein

-

Protein Modified Protein
® Dr. Ka-Chun Wong (CityU HK)

® Dr. Wing -Kin Sung (NUS)



DNA

ADNA stores the instructions needed by the cell to perform daily life
function.

Alt consists of two strands which are interwoven together and forms a
double helix.

AEach strand is a chain of some small molecules called nucleotides.
AThere are 4 different nucleotides of DNA:
adenine(A), cytosine(C), guanine(G), thymine(T).

® Dr. Ka-Chun Wong (CityU HK) 7
® Dr. Wing -Kin Sung (NUS)



Nucleotide for DNA

ADNA nucleotide consists of three parts:
I Deoxyribose
I Phosphate (bound to the 56carbon)
I Base (bound to the 16carbon)

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)



Double stranded DNA

Sugar
Phosphata
Backbone

> Base palr

Nitrogenous
Base

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)

A Normally, DNA is double-stranded within a cell.
The two strands are antiparallel. One strand is
the reverse complement of another one.

A The double strands are interwoven together and
form a double helix.

A One conjectured reason for the double-stranded
structure is that it eases DNA replications.




Chromosome

AUsually, DNA is tightly wound around histone proteins and
forms a chromosome.

AThe total information stored in all chromosomes constitute
a genome.

AExample:

I Human Genome: has 3G base pairs, organized in 23 pairs of
chromosomes

® Dr. Ka-Chun Wong (CityU HK) 10
® Dr. Wing -Kin Sung (NUS)



Gene

AA gene is a sequence of DNA that encodes for a protein.

Aln human genome, it is expected there are 20,000 i
30,000 genes.

AFor the gene that encodes for a protein,
I In Prokaryotic genome, one gene corresponds to one protein.

I In Eukaryotic genome, one gene can correspond to more than
one protein because of the process fnalternative splicingo .

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)
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Gene

MENU v I ]l l I'e
International journal of science

je [+]
Search E-alert Submit

NEWS - 19 JUNE 2018

New human gene tally reignites debate

Some fifteen years after the human genome was sequenced, researchers still can’t agree on how
many genes it contains.

Cassandra Willyard

https://www.nature.com/articles/d41586 -018-05462-w

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)
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https://www.nature.com/articles/d41586-018-05462-w

More on Gene Structure

regulatory region 5'untranslated region coding region 3' untranslated region

AEach Gene has 4 regions

I Regulatory region contains a promoter (and enhancers)
which regulate gene transcription.

contains the codons for protein. It is also
called open reading frame. Its length is a multiple of 3. It
must begin with start codon, end with end codon, and the
rest of its codons are not end codon.

I mMRNA transcript contains 50untranslated region +
coding region + 3ountranslated region

® Dr. Ka-Chun Wong (CityU HK) 13
® Dr. Wing -Kin Sung (NUS)



Organism Complexity v.s. Genome Size

AE. coli Genome: 5M base pairs
AHuman Genome: 3G base pairs

A Amoeba dubia (a single cell
organism): 670G base pairs

A Genome size appears not to have
any relationship with the complexity
of the organism

https://www.waterfall -d-mannose.com/ecoliuropathogen.html

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)
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Number of Genes vs. Genome Size

A Prokaryotic genome: e.g. E. coli
I Number of base pairs: 5M
I Number of genes: 4k
I Average length of a gene: 1000 bp

A Eukaryotic genome: e.g. Human
I Number of base pairs: 3G
I Estimated number of genes: 20k i 30k
I Estimated average length of a gene: 1000-2000 bp

A 90% of the E. coli genome consists of coding regions.

A Less than 3% of the human genome is believed to be coding regions. The rest is
called non-coding regions (jJunk DNA?).

A Genome size appears not to have any relationship with the number of genes!

® Dr. Ka-Chun Wong (CityU HK) 15
® Dr. Wing -Kin Sung (NUS)



viruses

prokaryotes

eukaryotes

Organism

HIV 1

Influenza A virus
Bacteriophage A
Epstein Barr virus
Buchnera sp.

T. maritima

S. aureus

V. cholerae

B. subtilis

E. coli

S. cerevisiae

C. elegans

A. thaliana

D. melanogaster
F. rubripes

Z. mays

M. musculus

H. sapiens

T. aestivum (hexaploid)

http://book.bionumbers.org/how -many-genes-are-in-a-genome/
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RNA

ARNA has both the properties of DNA and protein; for
Instance,
I Similar to DNA, It can store and transfer information.

I Similar to protein, it can form complex 3-dimensional structure
and perform some functions.

I There are 4 different nucleotides for RNA:
I adenine(A), cytosine(C), guanine(G), uracil(U)

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)

17



Nucleotide for RNA

ARNA nucleotide consists of three parts:
I Ribose Sugar (has an extra OH group at 20
I Phosphate (bound to the 56carbon)
I Base (bound to the 16carbon)

Phosphate

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)

Base
(Adenine)

Ribose Sugar

18



RNA vs DNA

ARNA is single-stranded.

AThe nucleotides of RNA are quite similar to that of DNA,
except that it has an extra OH at position 2a (see the

previous slide)
I Due to this extra OH, it can form more hydrogen bonds than DNA.
Thus, RNA can form a complex 3-dimensional structure.

ARNA uses the base U instead of T.

I U is chemically similar to T.
I U is also complementary to A.

® Dr. Ka-Chun Wong (CityU HK) 19

® Dr. Wing -Kin Sung (NUS)



Proteln

AProtein is a molecular sequence with an alphabet of 20
amino acids.
I The typical length is from 20 to 5000 amino acids.
I Average protein contains around 350 amino acids.

AProtein folds into three-dimensional shapes, which form
the building blocks and perform most of the chemical
reactions within a cell.

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)
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Amino acid

AEach amino acid consists of
I Amino group
I Carboxyl group
I R group

Amino NH,
group

e O — L

C

a

(the central carbon)

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)

|
C— OH

R group

Carboxyl group
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Polypeptide

A Protein or polypeptide chain is formed by joining the amino acids together via a
peptide bond.

A One end of the polypeptide is the amino group, which is called N-terminus. The
other end of the polypeptide is the carboxyl group, which is called C-terminus.

T T

NH,-C—C OH+ NH,-C  C OH

R

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)
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Classification of amino acids ()

A20 common amino acids can be classified into 4 types.

APositively charged (basic) amino acids:
I Arginine (Arg, R)
I Histidine (His, H)
I Lysine (Lys, K)
ANegatively charged (acidic) amino acids:
I Aspartic acid (Asp, D)
I Glutamic acid (Glu, E)

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)
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Classification of amino acids (ll)

APolar amino acids:

I Overall uncharged, but uneven charge distribution. Can form
hydrogen bonds with water. They are called hydrophilic. Often
found on the outer surface of a folded protein.

I Asparagine (Asn, N)
I Cysteine (Cys, C)
I Glutamine (GIn, Q)
I Glycine (Gly, G)
I Serine (Ser, S)
I Threonine (Thr, T)
I Tyrosine (Tyr, Y)

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)
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Classification of amino acids (Il

ANon-polar amino acids:

I Overall uncharged and uniform charge distribution. Cannot form
hydrogen bonds with water. They are called hydrophobic. Tend to
appear on the inside surface of a folded protein.
I Alanine (Ala, A)
I Isoleucine (lle, I)
I Leucine (Leu, L)
I Methionine (Met, M)
I Phenylalanine (Phe, F)
I Proline (Pro, P)

I Tryptophan (Trp, W)

I Valine (Val, V)

® Dr. Ka-Chun Wong (CityU HK) 25
® Dr. Wing -Kin Sung (NUS)



Amino acid properties

) . . . Side-chain Datamax (m Occurrence
Amino Acid | 3-Letterl133l | 1-L etterl133 Sld?-cham S'?e'.c h[?ig} charge (pH H.V c(ijrop[ga?v Absorbarlg M' 1cmi 322 MW (Weight) | in proteins
class polarity! 7.4)13 index (M) 5 (%))
Alanine Ala A aliphatic nonpolar neutral 1.8 89.094 8.76
Arginine Arg R basic basic polar |positive 1T4.5 174.203 5.78
Asparagine |Asn N amide polar neutral T 3. 132.119 3.93
Aspartic acid|Asp D acid acidic polar |negative T 3. 133.104 5.49
. sulfur-
Cysteine Cys © containing nonpolar neutral 25 250 0.3 121.154 1.38
w Glu E acid acidic polar |negative 1 3.5 147.131 6.32
Glutamine |GIn Q amide polar neutral T 8. B 146.146 3.9
Glycine Gly G aliphatic nonpolar neutral 10. 4 75.067 7.03
basic positive(10%
Histidine His H } basic polar |) 13.2 211 519 155.156 2.26
aromatic
neutral(90%)
Isoleucine |lle | aliphatic nonpolar neutral 4.5 131.175 5.49
Leucine Leu L aliphatic nonpolar neutral 3.8 131.175 9.68
Lysine Lys K basic basic polar |positive 13.9 146.189 5.19
Methionine |Met M sulfur_- . nonpolar neutral 1.9 149.208 2.32
containing
zhen e Phe F aromatic nonpolar neutral 2.8 igg AL% 26269'3’ 165.192 3.87
Proline Pro P cyclic nonpolar neutral 1T1.6 115.132 5.02
Serine Ser s hydroxyl- 1 neutral 0.8 105.093  |7.14
containing
Threonine |Thr T hydroxyl- 1 neutral i0.7 119.119  |5.53
containing
Tryptophan |[Trp w aromatic nonpolar neutral 1T0.9 280, 219 5.6, 47.0 204.228 1.25
Tyrosine Tyr Y aromatic polar neutral 1T1.3 igg eee) i; 68'0‘ 181.191 2.91
Valine Val V aliphatic nonpolar neutral 4.2 117.148 6.73



https://en.wikipedia.org/wiki/Amino_acid#cite_note-Hausman-133
https://en.wikipedia.org/wiki/Amino_acid#cite_note-Hausman-133
https://en.wikipedia.org/wiki/Amino_acid#cite_note-Hausman-133
https://en.wikipedia.org/wiki/Amino_acid#cite_note-Hausman-133
https://en.wikipedia.org/wiki/Hydropathy_index
https://en.wikipedia.org/wiki/Amino_acid#cite_note-134
https://en.wikipedia.org/wiki/Absorbance
https://en.wikipedia.org/wiki/Amino_acid#cite_note-Freifelder-135
https://en.wikipedia.org/wiki/Molar_absorptivity
https://en.wikipedia.org/wiki/Amino_acid#cite_note-Freifelder-135
https://en.wikipedia.org/wiki/Molecular_mass
https://en.wikipedia.org/wiki/Amino_acid#cite_note-136
https://en.wikipedia.org/wiki/Alanine
https://en.wikipedia.org/wiki/Arginine
https://en.wikipedia.org/wiki/Asparagine
https://en.wikipedia.org/wiki/Aspartic_acid
https://en.wikipedia.org/wiki/Cysteine
https://en.wikipedia.org/wiki/Glutamic_acid
https://en.wikipedia.org/wiki/Glutamine
https://en.wikipedia.org/wiki/Glycine
https://en.wikipedia.org/wiki/Histidine
https://en.wikipedia.org/wiki/Isoleucine
https://en.wikipedia.org/wiki/Leucine
https://en.wikipedia.org/wiki/Lysine
https://en.wikipedia.org/wiki/Methionine
https://en.wikipedia.org/wiki/Phenylalanine
https://en.wikipedia.org/wiki/Proline
https://en.wikipedia.org/wiki/Serine
https://en.wikipedia.org/wiki/Threonine
https://en.wikipedia.org/wiki/Tryptophan
https://en.wikipedia.org/wiki/Tyrosine
https://en.wikipedia.org/wiki/Valine

Summary of the amino acid properties

Aromatic

HYDROPHOEIC

http://www.jalview.org/help/html/misc/properties.gif
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Protein Structure Levels

APrimary structures
I Amino acid seguences.

ASecondary structures

I Local 3D structures formed by hydrogen bonding (a-helices and
b-sheets) or others (random colls).

ATertiary structures

I 3D structures of single protein based on the interactions of local
3f[f) sttructures (l.e. secondary structures) due to the hydrophobic
effect.

AQuaternary structures

I 3D structures of multiple proteins, forming a protein complex
based on different forces.

® Dr. Ka-Chun Wong (CityU HK) 28
® Dr. Wing -Kin Sung (NUS)



Central Dogma

ACentral Dogma tells us how we get proteins from the genes. This
process is called gene expression.

AThe expression of each typical gene consists of steps
I Transcription: DNA A mRNA
I Translation: mMRNA A Protein
I Post-translation Modification: Protein A Modified protein

j- -

Protein Modified Protein

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)
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Transcription

A Synthesize a piece of RNA (messenger RNA, mRNA)
from one strand of the DNA gene.

1. An enzyme RNA polymerase temporarily separates the
double-stranded DNA

2. It begins the transcription at the transcription start site.
3. AAACAC GAG,andTA U

4. Once the RNA polymerase reaches the transcription
terminator, transcription stop.

® Dr. Ka-Chun Wong (CityU HK) https://en.wikipedia.org/wiki/Terminator_(genetics) 30
® Dr. Wing -Kin Sung (NUS)



Translation

A Translation synthesizes a protein from a mRNA.

A In fact, amino acids are encoded by consecutive sequences of 3
nucleotides, called codon.

A The decoding table from codon to amino acid is called Codon Table.

® Dr. Ka-Chun Wong (CityU HK)
® Dr. Wing -Kin Sung (NUS)
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A Start codon:

ATG (also

code for M)

A Stop codon:
TAA, TAG,

TGA

First base

Codon Table

Second base

UUUT]_Phenyl- ., |UCUT UAU " uGuU .
|— 4 T t
vuc ] alanine L |uce e UAC]_ yroskiay uc;.c:|"Cys sine C
UUAT | odine T UCA g |uaa Stop codon | UGA  Stop codon
uucJ~-euene L luccd UAG Stop codon | UGG < JryPtophan
CUUT CCUT CAUT .os CGUT
— Histidine -
cuc| ... 1 |ccc| . CAC | cac| , ..
CUA Leucine 1. CCA Prollne1 T | g = . CGA Arginine
CUG_ ccG. CAg_—G'“fam'"EQ CGG.
AUU ] 1 ACUT AAU 7] .| AGUT] .
AUC |-Isoleucine | ACC | Aac JTAsparagine | pqc [~Serine §
— Threonine N

AUA _ ACA 1 AAA AGA T

ethionine | ACcG_ : AAG [~ Lysine AGG [~Arginine
AYA Mstart codon = K = R
GUU GCU" GAU™_ Aspartic GGU
Guc | . Gaee | . GACI acid ) |GGC | gueine
GUA:I~VaI|ne V Goa [~Alanine BANT it | GOK yci G
GUG GCG_| A GAG] acid [ |GGG- ¥

http://bioinfo.bisr.res.in/project/crat/pictures/codon.jpg

U

(9]

A

OHPP0C OP>0C OPOC O

eseq piyL
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Brief History of Genomics (Bioinformatics)

A 1985: Complete sequencing of genomes of various organisms
A 1990: Launch of Human Genome Project (HGP)

A 2000: By shotgun sequencing, Craig Venter and Francis Collins jointly announced
the publication of the first draft of the human genome.

A 2010:
i ENCODE Project:

I Annotation of the whole genome including non-coding regions

I 1000 Human Genomes Project
I Study of the human population genomes across different regions

ANow:

I Genotype-Tissue Expression Project (GTEX)

i To study the relationship between gene expression and genetic variation in human tissue
I Personal Medicine based on Human Genome

i To develop customized medical solutions based on genome data

I The GenomeAsia 100K Project

33
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Case Studies

ACase for synthesizing Heterodimeric DNA Motifs [1] kol
A Case for predicting CRISPR-Cas9 Off-targets [2,3] profassional:Creative

ACase for screening Early Cancers from Blood [4]
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Background

Central Dogma of Molecular Biology:
‘DNA makes RNA, RNA makes Protein”

replication
(DNA -> DNA)
DNA Polymerase

DPOWAPDA DN

transcription
(DNA -> RNA)

RNA Polymerase

RNA

translation
(RNA -> Protein)
Ribosome

O-0-0-0-0-0O-0 rrotein

http://en.wikipedia.org/wiki/Central_dogma_of_molecular_bioclogy



Background

Protein-DNA Binding

AThe binding between proteins (e.g. Transcription Factors, TFs) and DNA
(e.g. Transcription Factor Binding Sites, TFBSs) play an important role

ATFs bind in a sequence-specific manner to TFBSs to regulate gene
transcription

Transcription Factors N @ | Protein
(DNA-binding Proteins) N\ - \
= Translationi
@ - Transcription :
DNANEEEN . A _Txxesca.
TFBS Gene
{controlling) ‘\

DNA Motif



Background

ATo f ul | under s
function, it is essential to
identify the TFs that regulate
the gene and the
corresponding TF-binding sites
(also known as DNA Motifs).

ADNA motifs re relatively short
(101 20 bp) and highly
degenerate sequence moaotifs,
which make their effective
identification a challenging
task.

)
t ralg:'rlptll’c]n Fa(cjtors a g ‘ e O S Protein
(DNA-binding Prote )\ _ )
™ “ Translationi
Transcription :
DNANSS—— | Trxess.
TFBS N Gene

~~~~~~~~~~~~~~~~~~

A motif logo example
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DNA Motif Example

For example, given the following DMA sequences:

GRGGTARAC
TCCGTAAGT
CRGGTTGGA
ACAGTCAGT
TAGGTCATT
TAGGTACTG
ATGGTARCT
CAGGTATAC
TGTGTGAGT
ARGGTAAGT

the PWh using relative frequencies is;

A103 06 01 00
_cl02 02 01 0.0
- G011 01 07 1.0

7104 01 01 00

M




DNA Motif Example at 3D Level

Portein Folding
(K50 class homeodomain PITX2) _

R3 » ‘
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Traditional Research

Finding DNA Motifs on DNA Seguences

> 3000
sequences

7

M~ D D D D D D D D D D D
(M~ (D~ (D~ (D~ (D~ (D~ D~ (D~ (D~ (D~ (DN (D

Sequence (with primer)

Normalized Signal Intensity

AAARMAARARACGGETCTGCTGTGTTTCCATGGGCAG
CCATGGEGCAGCGATTCCATTGAAT CAACCAT CCGCG
ACCATCCGCETGETGTCATACGCCCAATATCGAGCG
ATATCGAGCAGTAAAAGCGAAARACAATCTTGGAAG
ATCTTGGAATT CCAAGGATTAGAATACCCTG
SAATACCCTACCAAATAGTG
CTTGTTGTACAAAGTAT CCCGTACTACGCGTT
CGCETTGEETAACTCGGETTCTCTTGGCAGATTCCG
SCAGATTCCTACGGCCATCGTCAGACACGACACGGG
ACGACACGGGACCGTAGCAGGGACGTACATACTGTG
ACATACTGTTCCAGGTAGGCGTACGGATCTTCCAGG
ATCTTCCAGTGACTCGGTGGGTATGATGCTTTGCAG
[GCTTTGCAATTACGAACTAAAGTTGTCCCTGTTCG
TCCCTGTTCCCGCCT CGCCAACT GAACATAGCATTG
CATAGCATTATCCGATCGTCGCAGGAGGCTTATT GG
SGCTTATTGCGATTCCAGCAGTGGGCETTCGGCATG
STTCGGCATTCACAGCGGGCCGAAATAGT CCCGCCG

[CTGTGTTCCGTTGTCCGTGCTGT
[CTGTGETTCCGTTGTCCGTGCTGT
[CTGTGTTCCGTTGTCCGTGCTGT
[CTGTGETTCCGTTGTCCGTGCTGT
[CTGTGTTCCGTTGTCCGTGCTGT
[CTGTETTCCEGTTETCCHETECETET

Protein Binding Microarray

GTGTTCCGTTGTCCGTGCTGT
[CTGETCT T EOET L COsT ez NG T
rCTeTeATTCCGTTATCCCTACTET

TG - T — a7
TG GT
'CTG", GT
TG TT AA GT
[CTG, A AAQTTA GT
[CTGE" T Tl LS ‘:::;\ =L (3T

[CTGTGETTCCGTTGTCCGTGCTGT
[CTGTGTTCCGTTGTCCGTGCTGT

égeeeece
Segments of a DeBruijn Sequence

eéeee

Primer sequence

1421.2856504
719.1041352
1762.812037
465.8865101
588.0584476
582.1760333
710.6338075
934.8380345
741.7662925
18507.18435
7159.8673106
868.20565012
597.377221%2
1156.546346
982.9229197
491.8523141
673.6856787

eeee
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e e
Normalized Signal Htensity



Traditional Research
Finding DNA Motifs on DNA Seguences

A Moitif finding problem is NP-hard!

A Motif discovery by over-representation
I MEME (Expectation Maximization)
| Gibbs Sampling
| SP-STAR
| Winnower
I Random projection
I Mitra
| Weeder
| SPACE
| GALF



Given a set of sequences S, our problem is to find a motif
model Q and the set of corresponding motif instances Z
which maximizes the log likelihood ratio score g(Z, Q)

G I b bS Sam p | | N g : 9(Z, Q) = log Pr(Z|Q)/Pr(Z|Qy)

] : where Q, is a given background model.
a technique to do random sampling

X
Random Initialization Random Deletion /

—ﬂ— ——

N 7 O/’ 1

Q
Alfar [Tz [€ € [fa
— ) [ e ez 6 6 |fe,
G fe [fer |6 € | Selectionbased on g({Z,x06 /X,
Tl frplee Jo ad % Q) Repeat
6
Q 1 |2 é é L
Alfa |fao |€€ |fa
Clfci|feo |€€ |fe
Glfar|fer [€ € |fg
Tlfpffplee |f
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DNA-dependent formation of transcription factor
pairs alters their binding specificity
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Abstract
Abstract

Bound by transcription factors, DNA motifs (i.e. transcription factor binding
sites) are prevalent and important for gene regulation in different tissues at
MATERIALS AND METHODS different developmental stages of eukaryotes. Although considerable efforts
have been made on elucidating monomeric DNA motif patterns, our knowledge
on heterodimeric DNA motifs are still far from complete. Therefore, we propose

[1] Wong, K. C., Lin, J., Li, X,, Lin, Q., Liang, C., & Song, Y. Q. (2018). Heterodimeric DNA motif
synthesis and validations. Nucleic acids research, 47(4);1628. (2017 Impact Factor: 11.561)
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Case for synthesizing Heterodimeric DNA Motifs [1]
oo BN e

Random First Motif

FORIBATIAGE et/ i STTITCACACCTE
BT — e
& ATTTTCACACCTL . cLeATTAZS

0.00 10 11 12 13 14 15 16 17 18 19

| Phase B
Description [IOHMM

= )|

| |

" ¥ "

Heterodimeric DNA Motlf Pattern Synthe5|s

P h ase C Predicted Dimer Motif using Max-Product Algorithm

I | Pocine | 32
o . 2ZXTCACACCTRATIASS

True Dimer Motif
1.00 12 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19
§I§§ lgéCAcglgéIlé ﬁ Predicted Dimer Motif using N-Max-Product Algorithm
S > | 1.00
R N 8523 ggéé gé@é@%lééllé§§

1.2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19




Al for synthesizing Heterodimeric DNA Motifs [1]

gz: leAATTA
& SXTTTCACACSTZ

/| PhascA \
\ Random |
\ Forest /

S/

—

]
,// ™,

Y
Prog )

.

Validations and Applications

True Dimer Mot

£ ICACACGIRATIA

5 8 7 8 9 10 11 12 13 14 15 16 17

_// ‘\\\
[ Phase C ‘

Plpehne /
\

ﬁ

\ /
N i

Predicted Dimer Motif wsing Max-Product Algorithm
1.00
i RAZLTCACACCT2ATIALS
i e

11111
Predicted Dimer Mot using N-Max-Product Algori

KKIGACACCTRATIAGS

12 3 45 6 7 8 9 10111213 1415 16 17 18 19

ERESE

Predicted Overlap Length

Orientation Case and Overlapping Length Estimation 1 s
First Mot g
5 SKIITCACACST Ay
075 :
2 ZALITCACACCTX
one 12 3 4 5 6 7 8 9 1011 12 13 “
Second Matif 'l
100 A ] ' 2 : -
075 - = 0.
- ceLaATIASS / T et 25
oo 10 11 12 13 14 15 16 17 18 19 h . . - )
// ‘\\\ ; — = 0.
| Phase B
\ IOHMM /" 0.0 0.2 0.4 0.6 0.8 1.0

Receiver Operating Characteristic (ROC) curves

1.0

B et

0.6

True positive rate
0.4

02
]

=+ Orientation Case 1 AUC = 0.881
Orientation Case 2 AUC = 0.839

— = Orientation Case 3 AUC = 0.857
Orientation Case 4 AUC = 0.811

0.0
L

False positive rate

[V Pearson Correlation = 0.799 \

ISpearman Correlation = 0.771] . ¢
.

[1] Wong, K. C., Lin, J., Li, X., Lin, Q., Liang, C., & Song, Y. Q. (2018). Heterodimeric DNA motif
synthesis and validations. Nucleic acids research, 47(4);1628. (2017 Impact Factor: 11.561)



Al for synthesizing Heterodimeric DNA Motifs [1]

" Spa " S T Spn T

N

On_1 On On+1

P
e N
/ Phase A \\ Ientatlnn Case and Overlapping Length Estimatil
/ \
| Random |

100 A lAAT AA? | ) o First Motif
075 / A
] \_Forest / 141 T C A '[E
2 Faxc] I-<FT N ng.IT A Q
T 2sass 7 BennRa
Monomeric DNA Motif - EOMES — Second ot
SEIANTTACS
c=LeATTASE
10 11 12 13 14 15 16 17 18 18

& GATTTCACACCTE
| l f/Phase B‘\". (H) I—]:NIM

Legends
\ [OHMM f'
\ y

Heterodimeric DNA Motif Pattern Synthesis

/ ™
{ Phase C

\poetne ) & RAITTCACACCTAATIASS In-1 I It
leCACQIgATlé ——) . e st gt
kit N 22EIRACACCTRATIALS ) y { |
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 1
Sn—l Sn Sr‘|+1 —*

' : !

On_]_ Oﬂ On+1

(b) TOHMM

[1] Wong, K. C., Lin, J., Li, X., Lin, Q., Liang, C., & Song, Y. Q. (2018). Heterodimeric DNA motif https://doi.org/10.1109/
synthesis and validations. Nucleic acids research, 47(4);1628. (2017 Impact Factor: 11.561) DSAA.20Le S S



Mathematical Details of IOHMM
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We propose to exploit the sequence information and make the Markov assumptions
to infer HD from (M1, M2) using input-output hidden Markov models (IOHMMs)
(28). Briefly, [OMMM is the generalized variant of generic hidden Markov model
(HMM). The difference between IOHMM and HMM is that [OHMM takes into accoun
inputs and outputs with hidden states while HMM only considers outputs with
hidden states. Theretore, IOHMMs are chosen in this study since we have to consider
the contributions from the input DNA motif model matrices (M1, M2). The IOHMM
mathematical modeling @5 = (A, B, C, f, g) with hidden states ke {1, 2, ..., K} is
defined as follows:

HDIi, j] = Asj[i’j]M]'[i’j] + st[irj]M2[irj] + Csj [4, j]
P(s; = k) = f{s:ﬁ 8j-11 M1[;, j— 1], M2[;,j —1],5— 1)
P(sy = k) = g(s1, M1[:, 1], M2[:, 1])

s.t.> . HD[i,j]=1
Vi<4,j<N,k<KeN

where s; denotes the hidden state variable at the j-th position; A, is the regression
coefficient matrix for M1 at state k in the set A; B}, is the regression coefficient
matrix for M2 at state k in the set B; Cy, is the bias coefficient matrix at state k in the
set C; the functions fand g denote the hidden state transition function and initial
state estimation function respectively. In this study, given the data availability, we
have adopted the classic logistic regression functions as f and g for computational
efficiency (28).
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Lastly, we apply the proposed approach to infer previously uncharacterized heterodimeric motifs.
Their motif instances are supported by DNase accessibility, gene ontology, protein-protein
interactions, ChlP-seq peaks, and even structural data from PDB.
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ABSTRACT

Genome editing tools such as the clustered regularly interspaced short palindromic repeat
(CRISPR)-associated system (Cas) have been widely used to modify genes in model systems
including animal zygotes and human cells, and hold tremendous promise for both basic

research and clinical applications. To date, a serious knowledge gap remains in our
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The 2020 Nobel Prize in Chemistry was awarded
jointly to Emmanuelle Charpentier and Jennifer A.

Doudna for the development of a method for
genome editingjthe CRISPR/Cas9 system.[This
technological revolution propelled advances not

only in basic research in the life sciences, but also
in other fields such as medicine, materials science,
and biotechnology. To honor the achievements of
the laureates, and to show how this discovery has
affected progress in various fields, ChemBioChem, Angewandte Chemie, Small, Small
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CRISPR-Cas9 Off-targets
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Figure 1. Schematic of CRISPR /Cas9 off-target sites with (A) 1-bp insertion (DNA bulge) or (B) 1-bp deletion (RNA bulge). The 20-nt guide sequence
(orange line) in the sgRNA is shown with genomic target sequence (protospacer) containing single-base DNA bulge (red asterisk) or single-base sgRNA
bulge (red A). The zoom-in sequences of protospacer and PAM are shown above the sgRNA guide sequence. Positions of nucleotides in the target are
numbered 3’ to 5’ starting from the nucleotide next to PAM.




Motivation

Although specific fragments of DNA are aimed, sgRNA can sometimes influence other regions
and incur off-target mutations (Chen et al. 2017). CRISPR-Cas9 can tolerate mismatches in
SgRNA-DNA at different positions in a sequence-dependent manner, sensitive to the number,
position, and distribution of mismatch (Hsu et al. 2013 and Zhang et al. 2015). Since sgRNA is
able to endure some mismatches across several nucleotide positions, many off-target sites
could be found on the target genome (Kim et al. 2015).

Off-targets can lead to genomic instability and disturb the normal gene function, which is still a
major problem when applying CRISPR-Cas9 gene editing to clinical applications Consequently,
we still need accurate off-target prediction methods for complementary purposes.



Motivation \

Most of the existing off-target prediction methods just calculate scores based on the positions of
the mismatches to the guide sequence The score of each base pair in sgRNA-DNA is derived
using classic bioinformatics statistics on the mismatch effects based on previous gene editing
experiments. For example, CFD (Cutting Frequently Determination) score is derived by infecting
a large number of sgRNAs with single-bp replacement, deletion or insertion corresponding to
the validated sgRNAs in MOLM13 cells; it calculates the percentage activity rates of different
mutation sites based on LFC (Log Fold Change) value (Doench et al. 2016).

In light of the above, their performance are vulnerable to experimental variation. Most
importantly, the existing methods can not take advantage of the growing CRISPR-Cas9 data for
constant self-learning. In addition, most of the existing methods do not consider the potential
relationships between mismatched and matched sites, which may be relevant to the off-target
activity in CRISPR-Cas9 gene editing (Xu et al. 2017).



Proposed Approach (Deep Neural Network)
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Fig. 1. An example on how to encod$ a sgRNA-DNA sequence pair. The table with thick
borders in the middle of the figure shqws the final matrix code of a sgRNA-DNA sequence
pair, which can be used as the input fgr convolutional neural network modelling.
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Fig. 2. The architecture of standard deep convolutional neural network (CNN_std) for off-target prediction. The input of this deep neural network is the encoded sgRNA-DNA sequence
with kength 23, which are convented into hidden features by one convolutional layer. The convolutional layer consists of 40 filers including 10 for each of the sizes 4 > 1, 4 x 2,4 x 3 and
4 = 5 The BN layer is used to normalise the output of the convolutional layer in order to make the training process faster and avoid over-fitting. The global max-pooling layer applies a
filter of window size 5 to the previous layers. The output of max-pooling layer are joined together into one vector by flattening. Each neurons in the flatten layer is fully connected to the first
dense layer. Two dense layer consists of 100 and 23 neurons mespectively. The second dense layer with a drop-out layer is fully connected to two output neurons to predict the probability of
binary class. The neurons in output laver and dense layers use softmax function as the activation function, while all the neurons in other layers use RelLU as the activation function.



Performance Comparison on CRISPOR data

Receiver operating characteristic Curve

1.0 1
0.8 1
. [
)
(1]
& 0.6 - ’
[ f]
=
=
§ I == Random Guess
% 0.4 _-' — CFD Mean ROC (AUC = 0.912 = 0.027)
= 3’ = MIT Mean ROC (AUC = 0.865 £+ 0.011)
; =mem MIT-Web Mean ROC {AUC = 0.728 = 0.063)
0.7 4 P CROP-IT Mean ROC {AUC = 0.8B07 = 0.022)
," ==== CCTop Mean ROC {(AUC = 0.776 = 0.029)
-~
,-" m—— CNMN_std Mean ROC (AUC = 0.972 % 0.010)
0.0 L"’ — - FNN_3layer Mean ROC (AUC = 0.970 % 0.005}

0.0 0.2 0.4 0.6 0.8 1.0
False Positive Rate

Fig. 3. ROC curves of two deep leaming models and five current prediction methods under
stratified 5-fold cross-validation on CRISPOR dataset.
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regarded as the state-of-arts benchmark.




Performance Comparison on GUIDE-seq dat:
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Fig. 5. ROC curves of deep learning models, CFD score and three traditional machine
learning models on GUIDE-seq dataset.
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Fig. 6. 15 off-targets with the highest score predicted by final convolutional neural network and CFD score respectively on GUIDE-seq dataset. The sgRNA-DNA sequence marked with

star is the true off-target.



Pattern Recognition on CRISPR-Cas9 Off-targets [2]

AWe presented that deep convolutional neural networks are able to
accurately predict the off-targets of CRISPR-Cas9 gene editing. To our
knowledge, this is the first time that deep neural networks are
designed and implemented for off-target predictions.

AOur final convolutional neural network obtained the best performance
on both CRISPOR dataset and GUIDE-seq dataset, outperforming the
current state-of-art off-target prediction methods and three traditional
machine learning algorithms including logistic regression, random
forest, and gradient boosting trees. We discussed and attributed its
performance successes to the neural network layer designs which are
general enough to self-learn and capture sequence features by itself.

AWe believe that such intelligent approaches can contribute to CRISPR-
Cas9 off-target predictions or other similar problems in a rigorous
manner. 70
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