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Basic Concepts in 
Molecular Biology
(30 minutes)



Our body
ÅOur body consists of a number of organs

ÅEach organ composes of a number of tissues

ÅEach tissue composes of cells
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Cell

ÅCell performs two type of functions:

ïPerform chemical reactions necessary to maintain our life

ïPass the information for maintaining life to the next generation

ÅActors:

ïDNA stores and passes information

ïRNA is the intermediate between DNA and proteins

ïProtein performs chemical reactions
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Central Dogma

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

ÅThe expression of gene consists of steps

ïTranscription: DNA Ą mRNA

ïTranslation: mRNA Ą Protein

ïPost-translation Modification: Protein Ą Modified protein

DNA

AAAA
mRNA

Protein Modified Protein
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DNA

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

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

ÅEach strand is a chain of some small molecules called nucleotides.

ÅThere are 4 different nucleotides of DNA: 

adenine(A), cytosine(C), guanine(G), thymine(T).
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Nucleotide for DNA

ÅDNA nucleotide consists of three parts:

ïDeoxyribose

ïPhosphate (bound to the 5ôcarbon)

ïBase (bound to the 1ôcarbon)
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Double stranded DNA

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

ÅThe double strands are interwoven together and 
form a double helix.

ÅOne conjectured reason for the double-stranded 
structure is that it eases DNA replications.
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Chromosome

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

ÅThe total information stored in all chromosomes constitute 
a genome.

ÅExample:
ïHuman Genome: has 3G base pairs, organized in 23 pairs of 

chromosomes
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Gene

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

ÅIn human genome, it is expected there are 20,000 ï
30,000 genes.

ÅFor the gene that encodes for a protein,
ïIn Prokaryotic genome, one gene corresponds to one protein.

ïIn Eukaryotic genome, one gene can correspond to more than 
one protein because of the process ñalternative splicingò.
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Gene
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More on Gene Structure

ÅEach Gene has 4 regions

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

ïCoding region 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.

ïmRNA transcript contains 5ôuntranslated region + 
coding region + 3ôuntranslated region

regulatory region coding region5' untranslated region 3' untranslated region
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Organism Complexity v.s. Genome Size

ÅE. coli Genome: 5M base pairs

ÅHuman Genome: 3G base pairs

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

ÅGenome size appears not to have 
any relationship with the complexity 
of the organism
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Number of Genes vs. Genome Size

ÅProkaryotic genome: e.g. E. coli

ïNumber of base pairs: 5M

ïNumber of genes: 4k

ïAverage length of a gene: 1000 bp

ÅEukaryotic genome: e.g. Human

ïNumber of base pairs: 3G

ïEstimated number of genes: 20k ï30k

ïEstimated average length of a gene: 1000-2000 bp

Å90% of the E. coli genome consists of coding regions.

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

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

Note that, before 2001, 
scientists thought we 
had 100k genes.
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RNA

ÅRNA has both the properties of DNA and protein; for 
instance,

ïSimilar to DNA, it can store and transfer information.

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

ïThere are 4 different nucleotides for RNA: 

ïadenine(A), cytosine(C), guanine(G), uracil(U)
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Nucleotide for RNA

ÅRNA nucleotide consists of three parts:
ïRibose Sugar (has an extra OH group at 2ô)

ïPhosphate (bound to the 5ôcarbon)

ïBase (bound to the 1ôcarbon)
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RNA vs DNA

ÅRNA is single-stranded.

ÅThe nucleotides of RNA are quite similar to that of DNA, 
except that it has an extra OH at position 2ô. (see the 
previous slide)

ïDue to this extra OH, it can form more hydrogen bonds than DNA. 
Thus, RNA can form a complex 3-dimensional structure.

ÅRNA uses the base U instead of T. 
ïU is chemically similar to T. 

ïU is also complementary to A.
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Protein

ÅProtein is a molecular sequence with an alphabet of 20 
amino acids.

ïThe typical length is from 20 to 5000 amino acids. 

ïAverage protein contains around 350 amino acids. 

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

ÅEach amino acid consists of

ïAmino group

ïCarboxyl group

ïR group
Carboxyl group
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(the central carbon) R group
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Polypeptide

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

ÅOne 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.
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Classification of amino acids (I)

Å20 common amino acids can be classified into 4 types.

ÅPositively charged (basic) amino acids:
ïArginine (Arg, R)

ïHistidine (His, H)

ïLysine (Lys, K)

ÅNegatively charged (acidic) amino acids:
ïAspartic acid (Asp, D)

ïGlutamic acid (Glu, E)

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



Classification of amino acids (II)

ÅPolar amino acids:

ïOverall 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.

ïAsparagine (Asn, N)

ïCysteine (Cys, C)

ïGlutamine (Gln, Q)

ïGlycine (Gly, G)

ïSerine (Ser, S)

ïThreonine (Thr, T)

ïTyrosine (Tyr, Y)
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Classification of amino acids (III)

ÅNon-polar amino acids:

ïOverall 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.

ïAlanine (Ala, A)

ïIsoleucine (Ile, I)

ïLeucine (Leu, L)

ïMethionine (Met, M)

ïPhenylalanine (Phe, F)

ïProline (Pro, P)

ïTryptophan (Trp, W)

ïValine (Val, V)
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Amino acid properties

Amino Acid 3-Letter[133] 1-Letter[133] Side-chain 

class

Side-chain 

polarity[133]

Side-chain 

charge (pH 

7.4)[133]

Hydropathy

index[134]

Absorbance

ɚmax(nm)[135]

Ůatɚmax (m

Mī1cmī1)[13

5]

MW(Weight)

Occurrence 

in proteins

(%)[136]

Alanine Ala A aliphatic nonpolar neutral 1.8 89.094 8.76

Arginine Arg R basic basic polar positive ī4.5 174.203 5.78

Asparagine Asn N amide polar neutral ī3.5 132.119 3.93

Aspartic acid Asp D acid acidic polar negative ī3.5 133.104 5.49

Cysteine Cys C
sulfur-

containing
nonpolar neutral 2.5 250 0.3 121.154 1.38

Glutamic 

acid
Glu E acid acidic polar negative ī3.5 147.131 6.32

Glutamine Gln Q amide polar neutral ī3.5 146.146 3.9

Glycine Gly G aliphatic nonpolar neutral ī0.4 75.067 7.03

Histidine His H
basic 

aromatic
basic polar

positive(10%

)

neutral(90%)

ī3.2 211 5.9 155.156 2.26

Isoleucine Ile I 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 ī3.9 146.189 5.19

Methionine Met M
sulfur-

containing
nonpolar neutral 1.9 149.208 2.32

Phenylalanin

e
Phe F aromatic nonpolar neutral 2.8

257, 206, 

188

0.2, 9.3, 

60.0
165.192 3.87

Proline Pro P cyclic nonpolar neutral ī1.6 115.132 5.02

Serine Ser S
hydroxyl-

containing
polar neutral ī0.8 105.093 7.14

Threonine Thr T
hydroxyl-

containing
polar neutral ī0.7 119.119 5.53

Tryptophan Trp W aromatic nonpolar neutral ī0.9 280, 219 5.6, 47.0 204.228 1.25

Tyrosine Tyr Y aromatic polar neutral ī1.3
274, 222, 

193

1.4, 8.0, 

48.0
181.191 2.91

Valine Val V aliphatic nonpolar neutral 4.2 117.148 6.73 26
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Summary of the amino acid properties
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Protein Structure Levels

ÅPrimary structures
ïAmino acid sequences.

ÅSecondary structures
ïLocal 3D structures formed by hydrogen bonding  (a-helices and 
b-sheets) or others (random coils).

ÅTertiary structures
ï3D structures of single protein based on the interactions of local 

3D structures (i.e. secondary structures) due to the hydrophobic 
effect.

ÅQuaternary structures
ï3D structures of multiple proteins, forming a protein complex 

based on different forces.
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Central Dogma

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

ÅThe expression of each typical gene consists of steps

ïTranscription: DNA Ą mRNA

ïTranslation: mRNA Ą Protein

ïPost-translation Modification: Protein Ą Modified protein

DNA

AAAA
mRNA

Protein Modified Protein

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



Transcription

Å 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. A ĄA, CĄC, GĄG, and TĄU

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

Å Translation synthesizes a protein from a mRNA.

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

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

Å Note:

ï There are 43=64 different codons. Thus, the codons are not one-to-one 
correspondence to the 20 amino acids.

ï All organisms use the same decoding table!

ï The codons that encode the same amino acid tend to have the same first 
and second nucleotide.

ï Recall that amino acids can be classified into 4 groups. A single base change 
in a codon is usually not sufficient to cause a codon to code for an amino 
acid in different group.
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Codon Table

ÅStart codon: 
ATG (also 
code for M)

ÅStop codon: 
TAA, TAG, 
TGA

http://bioinfo.bisr.res.in/project/crat/pictures/codon.jpg
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Brief History of Genomics (Bioinformatics)
Å1985: Complete sequencing of genomes of various organisms 

Å1990: Launch of Human Genome Project (HGP) 

Å2000: By shotgun sequencing, Craig Venter and Francis Collins jointly announced 
the publication of the first draft of the human genome.

Å2010: 
ïENCODE Project: 
ï Annotation of the whole genome including non-coding regions

ï1000 Human Genomes Project
ï Study of the human population genomes across different regions

ÅNow:
ïGenotype-Tissue Expression Project (GTEx)
ï To study the relationship between gene expression and genetic variation in human tissue

ïPersonal Medicine based on Human Genome
ï To develop customized medical solutions based on genome data

ïThe GenomeAsia 100K Project
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Data Application Case Studies 
for Molecular Biology
(60 minutes)



Case Studies

ÅCase for synthesizing Heterodimeric DNA Motifs [1]

ÅCase for predicting CRISPR-Cas9 Off-targets [2,3]

ÅCase for screening Early Cancers from Blood [4]
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Background



Background

Protein-DNA Binding

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

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



ÅTo fully understand a geneôs 
function, it is essential to 
identify the TFs that regulate 
the gene and the 
corresponding TF-binding sites 
(also known as DNA Motifs).

ÅDNA motifs re relatively short 
(10ï20 bp) and highly 
degenerate sequence motifs, 
which make their effective 
identification a challenging 
task. 

38

A motif logo example

Background



DNA Motif Example



DNA Motif Example at 3D Level



Finding DNA Motifs on DNA Sequences

41Segments of a DeBruijn Sequence Normalized Signal IntensityPrimer sequence

Find DNA Motifs?
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Traditional Research

Protein Binding Microarray



Å Motif finding problem is NP-hard!

Å Motif discovery by over-representation

ï MEME (Expectation Maximization)

ï Gibbs Sampling

ï SP-STAR

ï Winnower

ï Random projection

ï Mitra

ï Weeder

ï SPACE

ï GALF

Finding DNA Motifs on DNA Sequences

Traditional Research



Random Initialization Random Deletion

Z

{Z,xô}/x

Q 1 2 éé L

A fA1 fA2 éé fAL

C fC1 fC2 éé fCL

G fG1 fG2 éé fGL

T fT1 fT2 éé fTL

Q

Q 1 2 éé L

A fA1 fA2 éé fAL

C fC1 fC2 éé fCL

G fG1 fG2 éé fGL

T fT1 fT2 éé fTL

Q

Selection based on g({Z,xô}/x, Q)
Repeat

Repeat until the selection
becomes stable
(i.e. converged)

xô

x

Gibbs Sampling: 
a technique to do random sampling 

Given a set of sequences S, our problem is to find a motif 

model Qand the set of corresponding motif instances Z 

which maximizes the log likelihood ratio score g(Z,Q) 

g(Z,Q) = log Pr(Z|Q)/Pr(Z|Q0) 

where Q0 is a given background model.





Jolma, A., Yin, Y., Nitta, K. R., Dave, K., Popov, A., Taipale, M., ... & 

Taipale, J. (2015). DNA-dependent formation of transcription factor pairs 

alters their binding specificity. Nature, 527(7578), 384-388.



Most Updated Research on DNA Motif [1]
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Case for synthesizing Heterodimeric DNA Motifs [1]
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AI for synthesizing Heterodimeric DNA Motifs [1]
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AI for synthesizing Heterodimeric DNA Motifs [1]
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Mathematical Details of IOHMM
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AI for synthesizing Heterodimeric DNA Motifs [1]
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ETS_bHLH_ETV2_FIGLA

Ground Truth



AI for synthesizing Heterodimeric DNA Motifs [1]
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Ground Truth



AI for synthesizing Heterodimeric DNA Motifs [1]
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AI for synthesizing Heterodimeric DNA Motifs [1]

[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), 1628-1636.  (2017 Impact Factor: 11.561)

https://doi.org/10.1109/

DSAA.2015.7344851

Homeo_Tbox_HOXB2_EOMES

Published on Nature



AI for synthesizing Heterodimeric DNA Motifs [1]
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AI for synthesizing Heterodimeric DNA Motifs [1]
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DNase Accessibility

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, ChIP-seq peaks, and even structural data from PDB.



Case for predicting CRISPR-Cas9 Off-targets [2,3]

[2] Lin, J., & Wong, K. C. (2018). Off-target predictions in CRISPR-Cas9 gene editing using deep learning. 

Bioinformatics, 34(17), i656-i663.

[3] Lin, J., Zhang, Z., Zhang, S., Chen, J., & Wong, K. C. (2020). CRISPRȤNet: A Recurrent 

Convolutional Network Quantifies CRISPR OffȤTarget Activities with Mismatches and Indels. 

Advanced Science, 1903562. (2019 Impact Factor =15.4)
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Pattern Recognition on CRISPR-Cas9 Off-targets [3]
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Pattern Recognition on CRISPR-Cas9 Off-targets [3]
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Nobel Price in Chemistry 2020



Pattern Recognition on CRISPR-Cas9 Off-targets [3]



CRISPR-Cas9 Off-targets

Lin, Yanni, et al. "CRISPR/Cas9 systems have off-target activity with insertions or 

deletions between target DNA and guide RNA sequences." Nucleic acids 

research 42.11 (2014): 7473-7485.



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)



Performance Comparison on CRISPOR data



Performance Comparison on GUIDE-seq data





ÅWe 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. 

ÅOur 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. 

ÅWe 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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