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1.1 About the Author

1.1 About the Author

Raymond Otoo, Ph.D. is a Bioinformatics Scientist specializing in multi-omics integration and biomarker discovery. His work
focuses on applying systems biology approaches to unravel the complexities of neurodegenerative diseases and developing
interactive tools to make these insights accessible to clinicians.

1.2 Introduction

The journey of bioinformatics is one of translation. We start with a biological problem—a disease, a phenotype, or an unknown
mechanism—and generate massive amounts of biological data.

The main goal of this book is to guide you from the problem and raw biological data to robust molecular insights. It is these
insights that provide the necessary directions for identifying novel therapeutic targets and advancing the field of precision
medicine.

1.3 Book Structure & Table of Contents

This book is structured to guide the reader from the fundamental principles of molecular biology to the practical application of
bioinformatics tools and algorithms.

Part 1: The Biological Foundation

* Chapter 1: Introduction to the Central Dogma

* What is Bioinformatics?

* DNA: The Blueprint of Life

» Transcription: From DNA to RNA

e Translation: From RNA to Protein

* Chapter 2: The Genome and its Variations

e DNA Structure and Replication

* Genes and Chromosomes

* Genetic Variation: SNPs, Indels, and Structural Variants
* Chapter 3: Proteins - The Functional Units

* Amino Acids and Protein Structure (Primary, Secondary, Tertiary, Quaternary)

¢ Protein Function and Families

Part 2: Foundational Computational Skills

* Chapter 4: Introduction to the Command Line for Biologists
* Chapter 5: Programming for Bioinformatics with Python
* Chapter 6: Navigating Biological Databases (NCBI, Ensembl, UniProt)

* Chapter 7: Statistics for Bioinformatics

Part 3: Core Bioinformatics Analysis

* Chapter 8: Sequence Alignment
* Chapter 9: Phylogenetics: Understanding Evolutionary Relationships

* Chapter 10: Genome Assembly and Annotation
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Part 4: High-Throughput "Omics"

Part 4: High-Throughput "Omics"

* Chapter 11: Introduction to Next-Generation Sequencing (NGS)
e Chapter 12: Transcriptomics: Analyzing Gene Expression (RNA-Seq)
¢ Chapter 13: Proteomics and Metabolomics

* Chapter 14: Microbiomics: Analyzing Microbial Communities (16S rRNA & QIIME 2)

Part 5: Advanced Topics and Applications

¢ Chapter 15: Structural Bioinformatics

* Chapter 16: Systems Biology: Integrating the 'Omics'
¢ Chapter 17: Bioinformatics in Medicine

¢ Chapter 18: Integrated Clinical Proteomics

e Chapter 19: Interactive Visualization with R Shiny

¢ Chapter 20: Multiomics Data Integration

Appendices

* Glossary of Terms

1.4 Building the Book Locally

To read this book on your own computer or to check your changes before contributing:
1. Install Dependencies:

pip3 install -r requirements.txt
2. Run the Server:

python3 -m mkdocs serve

3. View: Open your browser to http://127.0.0.1:8000 .

1.5 Deploying to GitHub Pages

To publish or update the live version of the book:
1. Commit your changes: Make sure all your latest work is saved.

git add .
git commit -m "Update book content"

2. Run the deploy command:

python3 -m mkdocs gh-deploy
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2. Chapter 1: Introduction to the Central Dogma

2. Chapter 1: Introduction to the Central Dogma

& Download Lecture Slides (PPTX)

Welcome to the very beginning of our journey into bioinformatics! Before we can run complex analyses or write scripts, we must
first understand the fundamental story of life that is written inside every living cell. This story is called the Central Dogma of

Molecular Biology.

Think of it as the core process, the assembly line, that turns the information stored in a cell's library into the functional machines
that do all the work.

2.1 1.1 What is Bioinformatics?

Bioinformatics

The Intersection of Biology, Computer Science & Statistics

_ Biology Computation
Applications

* Genomics « Algorithms

Key Tools

Drug Discovery * Proteomics « Databases BLAST, BWA, STAR
« Transcriptomics * Machine Learning
* Metabolomics « Cloud Computing

Precision Medicine Python, R, Perl

Vaccine Development
DESeq2, edgeR
Bioinfor-

Disease Diagnosis
matics AlphaFold, Rosetta

Agriculture
Nextflow, Snakemake

Evolutionary Biology  Hypothesis Testing

* Regression Models
« Bayesian Methods
* Multivariate Analysis

Data We Analyze

Sequences Structures Expression Networks VEUERTS

Imagine you have a library containing thousands of massive books, and you need to find specific sentences, compare paragraphs
across different volumes, and understand the grammar of the language they're written in. Doing this by hand would be

impossible.

Bioinformatics is the field of using computers and statistics to solve biological problems. It's our computational toolkit for
reading, understanding, and comparing the massive "books" of life—our DNA. We use it to find the "sentences" (genes) that
cause diseases, compare the "grammar" (evolutionary relationships) between species, and much more.

2.2 1.2 DNA: The Blueprint of Life

At the heart of it all is Deoxyribonucleic Acid (DNA).
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2.2 1.2 DNA: The Blueprint of Life

DNA Double Helix Structure

Watson—CricléModeI (1953)

Key Features

Antiparallel strands (5'-3'/3'-5")

A pairs with T (2 H-bonds)

G pairs with C (3 H-bonds)

Right-handed helix (B-form)

Major & minor grooves

10.5 bp per turn

3.4 nm pitch, 2 nm diameter

3|

. Adenine (A) . Thymine (T) . Guanine (G) Cytosine (C) . Backbone 1 . Backbone 2

* The Cookbook: DNA is the master cookbook of the cell. It contains all the recipes—called genes—needed to build and
operate an entire organism.

* The Alphabet: This cookbook is written in a simple, four-letter alphabet: A (Adenine), T (Thymine), C (Cytosine), and G
(Guanine).

* The Structure: These letters are arranged in a beautiful structure called a double helix. Imagine a twisted ladder. The two
long backbones of the ladder are made of sugar and phosphate, and the "rungs" are made of pairs of our letters. A always pairs
with T, and C always pairs with G.

This entire cookbook for an organism is called its genome.

- 14/80 - © 2026 Raymond Otoo. Licensed under CC BY-SA 4.0.



2.3 1.3 Transcription: From DNA to RNA

2.3 1.3 Transcription: From DNA to RNA

Transcription: DNA - RNA

DNA Template Strand (3' - 5')

Key Points

DEEOEEBEE

® mRNA:5'-3'

RNA ® RNAPolll

Polymerase ® T - U (Uracil)

® Innucleus

Nascent mRNA (5' - 3')

L) ]G] CeJ Ced ]

® NTPsused

B onA Template B mRNA Transcript B RNA Polymerase Complementary base pairing: A-U, T-A, G-C, C-G

You wouldn't take the master cookbook into a messy kitchen, would you? You'd risk spilling something on it and ruining it forever.
Instead, you would make a copy of the one recipe you need.

The cell does the same thing in a process called transcription.

* Making a Copy: The cell makes a temporary, disposable copy of a single gene (a recipe). This copy is not DNA; it's a very
similar molecule called Ribonucleic Acid (RNA).

* The Messenger: This specific RNA copy is called messenger RNA (mRNA) because it carries the message from the DNA in
the cell's protected nucleus out to the main cellular "workshop."

* A Small Change: RNA uses the same alphabet as DNA, with one tiny difference: instead of Thymine (T), it uses Uracil (U).
So, where the DNA recipe had an A, the RNA copy will have a U.

So, transcription is the process: DNA - RNA.
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2.4 1.4 Translation: From RNA to Protein

2.4 1.4 Translation: From RNA to Protein

Translatiea: mRNA - Protein

Growing Polypeptide Chain

Translation Steps

ous ° Initiation

B UAC AUG + Met-tRNA

o Elongation

tRNA binding, peptide bond

40S
small Subunit e
Translocation

Ribosome moves 3 nt

Start Ala Phe Gin Glu Stop _
A site: Aminoacyl-tRNA entry
P site: Peptidyl-tRNA
E site: Exit site
. mRNA - Ribosome . tRNA - Amino Acid Location: Cytoplasm (eukaryotes) | Rate: ~6 amino acids/second

Now we have our recipe copy (the mRNA) in the kitchen. It's time for the chef to read the recipe and cook the dish. This process

is called translation.

* The Chef: The "chef" in the cell is a molecular machine called a ribosome.
* Reading the Recipe: The ribosome reads the mRNA recipe's letters (A, U, C, G) in three-letter "words" called codons. For
example, it might read AuG, then ccc, then uaG.

* The Ingredients: Each codon tells the ribosome to grab one specific ingredient. These ingredients are called amino acids.
For example, the codon AuG is the signal to start and also codes for the amino acid Methionine.

* The Final Dish: The ribosome moves down the mRNA, reading codons and linking the corresponding amino acids together
into a chain. This chain of amino acids is called a polypeptide. This chain then folds up into a complex, three-dimensional

shape.

This final, folded 3D molecule is a protein. Proteins are the "dishes"—they are the enzymes, structural components, and
molecular machines that perform almost all the functions in a cell.

So, translation is the process: RNA - Protein.
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2.5 Summary

2.5 Summary

The Central Dogma of Molecular Biology

Protein

Transcription q Translation

RNA Polymerase Ribosome + tRNA

Deoxyribonucleic Acid

Messe@RNA

Polypeptide Chain

@ storage @ WMessenger @ Function Francis Crick, 1958

The Central Dogma is the flow of information from the permanent storage in DNA, to a temporary messenger in RNA, to the final
functional product in a protein.

DNA - (Transcription) - RNA - (Translation) - Protein

This fundamental process is the basis for everything we will study. In the coming chapters, you will learn how to use code to
analyze DNA sequences, predict protein structures, compare genes between species, and so much more.

2.6 Beyond the Core: Modern Extensions

The classic Central Dogma is a useful simplification, but modern biology reveals nuances and additional regulatory layers:

* Non-coding RNAs (ncRNA): Many RNA molecules do not code for proteins; instead they regulate gene expression. Examples
include microRNAs (miRNA) and long non-coding RNAs (IncRNA).

* CRISPR-Cas systems: Bacteria use CRISPR as an "immune memory" against viruses. Scientists have repurposed it to edit
genomes with unprecedented precision—revolutionizing basic research and gene therapy.

 Single-cell technologies: Traditional sequencing averages signals across millions of cells. Single-cell RNA-seq (scRNA-seq)
reveals the full diversity of cell types and states in a tissue.

These concepts will recur throughout this book as you encounter transcriptomics, genome editing applications, and single-cell
analyses.

-17/80 - © 2026 Raymond Otoo. Licensed under CC BY-SA 4.0.



3. Chapter 2: The Genome and its Variations

3. Chapter 2: The Genome and its Variations

& Download Lecture Slides (PPTX)

In Chapter 1, we learned about the central dogma: the flow of information from DNA to Protein. We treated DNA as a perfect,
static blueprint. But in reality, the "cookbook" of life is dynamic, vast, and has variations between copies.

In this chapter, we will zoom out from a single gene to the entire genome and explore how it's organized and how it varies

between individuals.

3.1 2.1 DNA Structure and Replication

DNA Replication: Semi-Conservative Model

Daughter DNA
Parent DNA Replication Fork
Replication
Pol Il Pol Il
B Parent Strand 1 Em Parent Strand 2 = Newly Synthesized D Helicase . Polymerase

As we learned, DNA is a double helix. But this helix isn't just floating around in a straight line. The human genome, if stretched
out, would be about 2 meters long! To fit inside a microscopic nucleus, it must be incredibly well-organized and compacted.

DNA Replication: Copying the Entire Cookbook
Before a cell divides, it must make a complete copy of its entire genome. This process is called replication.

1. Unzip: The double helix is "unzipped" down the middle by an enzyme, separating the two complementary strands.

2. Build: Each separated strand now serves as a template. The rule of complementarity (A with T, C with G) is used to build a new

partner strand for each old one.

3. Result: The result is two identical DNA double helices, each one a perfect copy of the original.
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GC Content: A Simple but Powerful Metric

GC Content: A Simple but Powerful Metric

Different regions of the genome have different physical properties. One of the most fundamental measurements in bioinformatics
is GC Content: the percentage of bases in a sequence that are either Guanine (G) or Cytosine (C).

Regions with high GC content are more stable than regions with high AT content because the G-C pair is held together by three
hydrogen bonds, while the A-T pair only has two. This has implications for gene regulation and laboratory experiments like PCR.

Bioinformatics in Action: Calculating GC Content

This is a classic "first script" for any bioinformatician. Let's write a Python function to calculate the GC content of a DNA
sequence.

def calculate_gc_content(dna_sequence):
"""Calculates the GC content of a DNA sequence."""
# Ensure the sequence is uppercase to handle 'a', 't', 'g', 'c'
dna_sequence = dna_sequence.upper()

# Count the number of G's and C's
g_count = dna_sequence.count('G")
c_count = dna_sequence.count('C")

# Calculate the total length of the sequence
total_length = len(dna_sequence)

# Avoid division by zero for empty sequences
if total_length == 0:
return 0.0

# Calculate the GC percentage
gc_percentage = ((g_count + c_count) / total_length) * 100
return gc_percentage

# Example usage:

my_dna = "AGCTATAGCGGCTAGCT"

gc_content = calculate_gc_content(my_dna)
print(f"DNA Sequence: {my_dna}")
print(f"GC Content: {gc_content:.2f}%")

Output:

DNA Sequence: AGCTATAGCGGCTAGCT
GC Content: 52.94%

3.2 2.2 Genes and Chromosomes

The entire set of DNA in an organism is its genome. To manage this vast amount of information, it is organized into structures
called chromosomes.

* Chromosomes: Think of chromosomes as the bookshelves in the library of the cell. Humans have 23 pairs of chromosomes.
* Genes: A gene is a specific sequence of DNA on a chromosome that codes for a functional product, like a protein or an RNA

molecule. It's a single "recipe" on one of the pages in a book on the bookshelf.

Not all DNA is made of genes! In humans, genes make up only about 1-2% of the entire genome. The rest is non-coding DNA,
which plays roles in regulating genes, providing structural support, and other functions we are still discovering.
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3.3 2.3 Genetic Variation: The Spice of Life

3.3 2.3 Genetic Variation: The Spice of Life

Types of Genetic Variants

SNP (Single Nucleotide Polymorphism) Indels (Insertions & Deletions)

e (GO e A DO
I
v DEEE0E o EDOBO

Single base substitution (C-T) +AA insertion after position 2
Most common type ¢ ~1 per 1000 bases Can cause frameshift mutations

CNV (Copy Number Variation) Structural Variants

voma: ([N DR 2o mersion: ([ IED IR - ~ceo
it Translocation: chri: --
ouncer () (Y (Y R~ |

Deletion: deleted m 1 copy Fusion Gene: BCR ABL1 - CML

Understanding genetic variants is fundamental to genomics, personalized medicine, and disease research

If you compare the genome of any two humans, they are more than 99% identical. It's that tiny fraction of a percent that makes

us all unique. These differences are called genetic variants.

SNPs: Single Nucleotide Polymorphisms

The most common type of variation is a SNP (pronounced "snip"). This is a single letter change in the DNA sequence.

* Reference: AGCT**A**GTC

e Variant: AGCT**G**GTC

A SNP is like a single-letter typo in a recipe. It might have no effect, it might change the flavor slightly, or it might ruin the dish

entirely, depending on where it occurs.

Indels: Insertions and Deletions

An Indel is a small insertion or deletion of DNA bases.

* Reference: AGCTAGTC
e Insertion: AGCT**T**AGTC

* Deletion: AGc--GTC

If a SNP is a typo, an Indel is like adding or removing a whole word. Because the genetic code is read in three-letter codons, an
Indel that is not a multiple of three can cause a frameshift mutation, scrambling the entire downstream message and usually

resulting in a non-functional protein.
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Structural Variants (SVs)

Structural Variants are large-scale changes involving long stretches of DNA. They include: * Deletions: A large chunk of a
chromosome is lost. * Duplications: A region of a chromosome is repeated. * Inversions: A segment is flipped backwards. *
Translocations: A piece of one chromosome breaks off and attaches to another.

These are like cutting and pasting entire chapters or paragraphs between different books in our library analogy. They often have
significant biological consequences.

3.4 2.4 Pangenomes and Population-Level Resources

The idea of a single "reference genome" is evolving. Key concepts:
* Pangenome: The full set of sequences found across many individuals of a species. A pangenome reference captures common
and variable regions, improving variant detection and reducing reference bias.

* Long-read sequencing for SVs: PacBio HiFi and Oxford Nanopore reads span repetitive and structurally variable regions,
providing much better resolution for detecting large insertions, deletions, and inversions.

* Population databases: Resources like gnomAD aggregate variants from tens of thousands of individuals, providing allele
frequencies essential for filtering and interpreting clinical variants. Similarly, dbsnp and clinvar annotate known variants with

phenotypic associations.

Practical recommendation: when analyzing human variation, always cross-reference your VCF with gnomAD allele frequencies
and ClinVar annotations to prioritize variants of clinical or functional interest.
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We have explored the blueprint (DNA) and the messenger (RNA). Now, we arrive at the machines that actually do the work:
Proteins.

If DNA is the architectural drawing of a building, proteins are the bricks, the cement, the windows, and the construction workers
themselves. In this chapter, we will understand how a simple string of letters becomes a complex, functional 3D machine.

4.1 3.1 Amino Acids: The Building Blocks

Just as DNA is a polymer made of nucleotides (A, T, C, G), proteins are polymers made of Amino Acids.

There are 20 standard amino acids found in nature. You can think of them as a set of 20 different Lego bricks. Each one has a
unique chemical personality: * Hydrophobic: "Water-fearing" (oily). These tend to bury themselves inside the protein to get
away from water. * Hydrophilic: "Water-loving". These tend to stay on the outside, interacting with the cell's watery
environment. * Charged: Positive or Negative. These act like magnets, attracting or repelling other parts of the protein.

The specific sequence of these amino acids determines everything about the protein.
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4.2 3.2 The Hierarchy of Protein Structure

Protein Structure Hierarchy

Secondary Structure Tertiary Structure
| Structure

a-helix B-sheet

Linear sequence of
: e ing Multiple
amino acids joined .> .> Complete 3D fold of .> cubunite

Primary Structure

by peptide bonds ’ .
Local folding patterns asingle po!ypeptlde working
stabilized by hydrogen chain together
Key Features: bonds
» N-terminus to C-terminus Key Features: Examples:
. « Disulfide bonds
Encoded/byDNA/MRNA Key Features: i Hemoglobin
« Hydrophobic core
« H-bonds (C=0...H-N) i (a2B2 tetramer)
. « Salt bridges
MKLVAGEFS... « Helices, sheets, turns Antibodies

« Van der Waals forces
. RNA Pol Il
(1D - String) Ramachandran angles 0

(2D - Topology) (3D - Single chain) (Multi-chain)

. J \_ J \ J \\ J/

Each level of structure determines protein function, stability, and interactions

4.3 3.4 Structure Prediction and Modern Tools

Recent advances in deep learning have transformed structural bioinformatics. Methods such as AlphaFold produce highly
accurate 3D predictions from sequence alone, helping researchers generate testable hypotheses and guide experiments.

* AlphaFold / RoseTTAFold: Accurate structure predictions; useful for annotation, variant interpretation, and modeling
complexes.

* Cryo-EM and experimental methods: The explosion of cryo-EM structures complements computational predictions and
provides high-resolution validation.

* Visualization & downstream tools: Use pymoL, chimerax, or web-based viewers to inspect models; consider molecular
dynamics for refinement when necessary.

Here is a compact workflow:

1. Obtain sequence(s) of interest.
2. Run or query AlphaFold models (or use local prediction tools where available).
3. Visualize predicted structures and compare to experimental PDB entries.

4. Use structure-aware annotations to infer active sites, binding pockets, or variant effects.

An illustrative diagram is available:
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1. Primary Structure (The Sequence)

AlphaFold: Al-Powered Protein Structure Prediction

DeepMind & EMBL-EBI | 200+ Million Structures Predicted

MSA + Templates AlphaFold2 Model 3D Structure

=

Input Sequence

MVLSPADKTNVKAAWGKVG
AHAGEYGAEALERMFLSFP
TTKTYFPHFDLSH

MVLSPADKTNVKAAWGKVG

MVLSAADKTN - KAAWGKVG s SEE
former Module
MVLS - ADKTNVKAAWGKAG

MVLSPADKTN - KAAWGKVG

FASTA Format i
Evolutionary Information Attention Mechanisms PDB Format

Confidence Metrics Applications Resources
pLDDT Score (0-100) @ Drug Target Discovery
<50 590 @ Enzyme Engineering alphafold.ebi.ac.uk
Low High
PAE (Predicted Aligned Error) @ Disease Mechanism Studies github.com/deepmind/alphafold

Inter-domain confidence measure

) ) @ Antibody Design
Lower values = higher confidence v 9 ColabFold (Faster inference)

@ Protein-Protein Interactions

AlphaFold2 solved the 50-year protein folding challenge | Nature 2021 | 200M+ predicted structures in AlphaFold DB

A protein isn't just a floppy string; it folds into a precise shape. We describe this shape in four levels:

1. Primary Structure (The Sequence)

This is simply the linear order of amino acids in the chain. * Example: met-Ala-Ser-Glu. ..

2. Secondary Structure (Local Folding)
As the chain forms, local interactions (hydrogen bonds) cause it to twist and bend into stable patterns. * Alpha Helix: A spiral
shape, like a coiled telephone cord. * Beta Sheet: A flat, pleated shape, like a folded paper fan.

3. Tertiary Structure (3D Shape)
This is the overall 3D shape of the entire protein molecule. The hydrophobic parts hide in the center, and the charged parts
interact, locking the protein into a specific "globular" shape.

4. Quaternary Structure (Complexes)

Some proteins are made of multiple separate chains that come together to form a team. * Example: Hemoglobin (which carries
oxygen in your blood) is made of four separate protein subunits working together.

4.4 3.3 Protein Function and Families

In biology, Structure determines Function.

* Enzymes: Have a specific pocket (active site) shaped perfectly to hold a molecule and react with it (Lock and Key model).
* Structural Proteins: Form long, strong fibers (like Collagen in your skin).

» Signal Proteins: Have shapes that fit perfectly into receptors on the outside of cells to transmit messages (like Insulin).
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Protein Families

Evolution is lazy. If nature invents a useful protein shape, it reuses it. Proteins with similar sequences usually adopt similar
structures and perform similar functions. We group these into families. If you find a new gene that looks like a known "Kinase"
family gene, you can predict that your new protein is likely a Kinase too.

4.5 3.4 Bioinformatics in Action: Translation

In Chapter 1, we transcribed DNA to RNA. Now, let's write a Python script to translate that RNA into a Protein sequence.
To do this, we need a Codon Table (the dictionary mapping 3 RNA letters to 1 Amino Acid).

def translate_rna_to_protein(rna_sequence):
"""Translates an RNA sequence into a Protein sequence."""

# The Genetic Code Dictionary
codon_table = {
'uu': 'F', 'uuc': 'F', 'UUA': 'L', 'UUG': 'L',
'ucu': 's', 'ucc': 's', 'UCA': 'S', 'UCG': 'S',
'UVAU': 'Y', 'UAC': 'Y', 'UAA': '_', '"UAG': '_', # _ = Stop
'ugu': 'Cc', 'uGC': 'C', 'UGA': '_', 'UGG': 'W',
'cuu': 'L', 'cuc': 'L', 'CUA': 'L', 'CuG': 'L',
‘ccu': 'P', 'ccC': 'P', 'CCA': 'P', 'CCG': 'P',
'"CAU': 'H', 'CAC': 'H', 'CAA': 'Q', 'CAG': 'Q',
'cGUu': 'R', 'CGC': 'R', 'CGA': 'R', 'CGG': 'R',
'AUU': 'I', 'AUC': 'I', 'AUA': 'I', 'AUG': 'M', # M = Start
'ACU': 'T', 'ACC': 'T', 'ACA': 'T', 'ACG': 'T',
'"AAU': 'N', 'AAC': 'N', 'AAA': 'K', 'AAG': 'K',
'AGU': 'S', 'AGC': 'S', 'AGA': 'R', 'AGG': 'R',
'Guu': 'Vv', 'GUC': 'V', 'GUA': 'V', 'GUG': 'V',
'GCU': 'A', 'GCC': 'A', 'GCA': 'A', 'GCG': 'A',
'GAU': 'D', 'GAC': 'D', 'GAA': 'E', 'GAG': 'E',
'GGU': 'G', 'GGC': 'G', 'GGA': 'G', 'GGG': 'G',
}
protein = ""
rna_sequence = rna_sequence.upper()

# Loop through the sequence in steps of 3
for i in range(O, len(rna_sequence), 3):
codon = rna_sequence[i:i+3]
# Check if we have a full 3-letter codon
if len(codon) == 3:

amino_acid = codon_table.get(codon, 'X') # X for unknown

if amino_acid == '_': # Stop codon
break # Stop translating

protein += amino_acid
return protein
# Example Usage
# This is a short RNA sequence
my_rna = "AUGGCCAUGGCGCCCUAA"
protein_seq = translate_rna_to_protein(my_rna)
print (f"RNA: {my_rna}")

print(f"Protein: {protein_seq}")

Output:

RNA: AUGGCCAUGGCGCCCUAA
Protein: MAMAP

(Note: 'M' is Methionine, 'A' is Alanine, 'P' is Proline. The translation stops at 'UAA'.)
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5.1 4.1 Breaking the GUI Habit

Command Line Interface vs Graphical User Interface

Command Line Interface (CLI) Graphical User Interface (GUI)
o o BioAnalyzer Pro
blastn -query seq.fa -db nt File Edit Analysis Tools Help

samtools view -bS reads.sam

grep -c "~>" sequences.fasta

python analyze.py | head -5

v CLI Advantages

« Scriptable & automatable (batch processing)
« Lightweight, uses minimal resources

* Remote access via SSH

« Precise control over parameters

« Pipelines: cmd1 | cmd2 | cmd3

5.2 4.3 Practical CLI Best Practices

A bioinformatics environment is built on reliable command-line workflows. Key recommendations:

Environments: Use conda/mamba to manage packages and isolate environments.
Containers: Ship reproducible analysis with Docker or singularity/Apptainer to freeze software stacks.
Workflow managers: Combine CLI tools with Snakemake or Nextflow for reproducibility and scalability.

Useful utilities: jq for JSON, csvkit for CSV, htop for processes, and tmux for session management.

Example: quickly view a BAM header and index it:

Use containers when distributing pipelines; include bockerfile or Singularity recipes in the repo.



5.3 4.2 Navigation: Finding Your Way

Up until now, you have likely interacted with computers using a Graphical User Interface (GUI)—clicking icons, dragging folders,
and using menus. While intuitive, GUIs have limits. They are hard to automate, struggle with massive files (try opening a 50GB
genome file in Excel!), and are often unavailable on the powerful remote servers where actual bioinformatics work happens.

Enter the Command Line Interface (CLI), also known as the terminal or shell. It might look intimidating—a black screen with
blinking text—but it is the most powerful tool in your arsenal.

5.3 4.2 Navigation: Finding Your Way

When you open a terminal, you are "standing" in a specific folder on your computer.

Where am 1? (pwd )
pwd stands for Print Working Directory.

$ pwd
/Users/biologist/data

What is here? ( 1s)
1s Lists the files in your current directory.

$ 1s
genome.fasta notes.txt raw_data/

Go somewhere else (cd)
cd stands for Change Directory.

$ cd raw_data
$ pwd
/Users/biologist/data/raw_data

Tip: cd .. moves you "up" one folder.

5.4 4.3 Handling Files: The Basics

Bioinformatics involves moving, renaming, and organizing thousands of files.

* mkdir analysis: Make a directory (folder) named "analysis".
* cp gene.txt gene_backup.txt : Copy a file.
e mv gene.txt analysis/: Move a file into a folder (also used to rename files).

* rm junk.txt : Remove (delete) a file. Warning: There is no Trash Can in the terminal. Deleted files are gone forever.

5.5 4.4 Inspecting Biological Data

Biological data files (like FASTA or FASTQ) are often massive text files. You don't want to open them in a text editor; it will crash
your computer. Instead, we peek at them.
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head and tail

head and tail
View the first or last 10 lines of a file.

$ head genome.fasta
>chri
ATGCGTAC. . .

less

Allows you to scroll through a huge file page by page without loading the whole thing into memory. Press q to exit.

wC
Word Count. Counts lines, words, and characters.

$ wc -1 genome.fasta
50000 genome.fasta

(This tells us the file has 50,000 lines).

5.6 4.5 The Power Tools: grep and Pipes

This is where the magic happens.

grep : Search
grep searches for a specific pattern in a file. Imagine you want to find a specific gene ID in a massive annotation file.

$ grep "TP53" annotations.gff

The Pipe (| )
The pipe takes the output of one command and passes it as input to the next. It allows you to chain tools together.

Scenario: How many sequences are in my FASTA file? In a FASTA file, every sequence header starts with a >. We can find all
headers with grep, and then count them with wc .

$ grep ">" sequences.fasta | wc -1
450

We just counted the number of sequences in a file without ever opening it!
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6.1 5.1 Why Python?

If you ask a room full of bioinformaticians what programming language they use, the vast majority will say Python.

Why? 1. Readability: Python code reads almost like English. This is crucial for scientists who want to focus on biology, not
complex syntax. 2. Libraries: There is a massive ecosystem of pre-written code. Need to calculate statistics? Use pandas . Need
to plot a graph? Use matplotlib. Need to parse a DNA file? Use Biopython.

In this chapter, we will focus on Biopython, the standard library for computational biology.

6.2 5.2 Getting Started with Biopython

Biopython: Python for Bioinformatics

Bio.PDB

Bio.Blast

Bio.SeqIO

from Bio.PDB import
PDBParser

from Bio.Blast import
NCBIWWW, NCBIXML

from Bio import SeqIO

from Bio.Seq import Seq

seq = Seq("ATGCGA")

for rec in SeqIO.parse(

seq. complement () "file.fasta", "fasta" result = NCBIWWW. parser = PDBParser()
# TACGCT ): gblast("blastn”, struct = parser.
print(rec.id) "nt", sequence) get structure(

seq.translate()
# MR

print(len(rec.seq)) records = NCBIXML... "1ABC", "labc.pdb")

Bio.Align Bio.Phylo Bio.Entrez

from Bio import Entrez

from Bio import Align

aligner = Align.
PairwiseAligner()

alignments = aligner.
align(seql, seq2)

# Score: 45.0
.

J

\

from Bio import Phylo

tree = Phylo.read(
"tree.nwk", "newick")

Phylo.draw(tree‘

_E.

J

# NCBI records
.

Entrez.email = "..."

handle = Entrez.
efetch(db="nucl",
id="NM 001301717")

pip install biopython

pip install biopython | Comprehensive toolkit for computational biology and bioinformatics
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The Seq Object

The seq Object

In standard Python, DNA is just a string of text. In Biopython, we use the seq object. It knows that the string represents a
biological sequence and gives us powerful methods.

from Bio.Seq import Seq

# Create a Sequence object
my_dna = Seq("AGTACACTGGT")

# It acts like a string...
print(f"Sequence: {my_dna}")

# ...but it has biological superpowers

print(f"Complement: {my_dna.complement()}")
print(f"Reverse Complement: {my_dna.reverse_complement()}")

Output:

Sequence: AGTACACTGGT
Complement: TCATGTGACCA
Reverse Complement: ACCAGTGTACT

Note: Calculating a reverse complement manually is tedious and error-prone. Biopython does it instantly.

6.3 5.3 Transcription and Translation (The Easy Way)

Remember the scripts we wrote in Chapters 1 and 3? We had to manually replace letters and build dictionary lookup tables.
Biopython handles the Central Dogma natively.

from Bio.Seq import Seq
gene = Seq("ATGGCCATTGTAATGGGCCGCTGAAAGGGTGCCCGATAG" )

# 1. Transcribe (DNA -> RNA)
mRNA = gene.transcribe()

# 2. Translate (RNA -> Protein)
protein = mRNA.translate()

print (f"DNA: {gene}")
print(f"mRNA: {mRNA}")
print(f"Protein: {protein}")

Output:
DNA: ATGGCCATTGTAATGGGCCGCTGAAAGGGTGCCCGATAG
mRNA: AUGGCCAUUGUAAUGGGCCGCUGAAAGGGUGCCCGAUAG

Protein: MAIVMGR*KGAR*

(The * represents a Stop codon).

6.4 5.4 Reading Biological Files (seq10)

In the real world, you don't type sequences into your code. You read them from files (FASTA, GenBank, FASTQ).
The Bio.seqi0 module is the standard way to read and write these files. It handles the messy formatting for you.
Imagine you have a file named example.fasta with multiple gene sequences.

from Bio import SeqIO

# SeqIO.parse takes the filename and the format name
for record in SeqIO.parse("example.fasta", "fasta"):

# 'record' holds the ID and the Sequence
print(f"ID: {record.id}")

print(f"Length: {len(record.seq)}")
print(f"First 10 bases: {record.seq[:10]}")
print("---")
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6.5 Summary

This simple loop can process files containing millions of sequences without crashing your computer, as it reads them one by one.

6.5 Summary

Python, combined with Biopython, allows us to automate the biological concepts we learned in Part 1. We can now manipulate
sequences, perform the central dogma operations, and read standard file formats with just a few lines of code.

6.6 5.5 Practical Libraries, Workflows, and Best Practices

Python's ecosystem supports every step of modern bioinformatics. Key recommendations:

* Core packages: biopython, pandas, numpy, scipy for data handling and basic statistics.
* Machine learning / deep learning: scikit-learn, xghoost, tensorflow, pytorch.
* Single-cell analysis: scanpy, anndata for preprocessing and downstream analyses.

* Interactive and reproducible: Use Jupyter or VS Code notebooks for exploration; export production code as scripts and add

tests.

* Packaging & environments: Use poetry, pip, or conda/mamba for environment management; pin dependencies in

environment.yml Or requirements.txt.

Example: a small, testable function with a type hint and a unit test-friendly design.

from typing import List, Dict

def gc_content(seq: str) -> float:
"""Return GC percentage of a DNA sequence."""
s = seq.upper()

if not s:
return 0.0
return (s.count('G') + s.count('C')) / len(s) * 100

# This function is simple to unit test and reuse in pipelines.

Add CI and tests for critical utilities to avoid silent regressions in pipelines.
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7.1 6.1 The Data Deluge

Biology has transformed into a data-rich science. Experiments now generate terabytes of data daily. This data is stored in
massive, centralized repositories. As a bioinformatician, knowing how to navigate these databases is as important as knowing
how to code.

7.2 6.2 The Big Three

Major Biological Databases

GenBank PubMed
« Nucleotide sequences « Literature citations
» >250M sequences «>35M articles

ncbi.nim.nih.gov
T

Swiss-Prot TrEMBL Protein Data Bank

* Manually curated « Auto-annotated

Biological
Data « 3D structures
al * X-ray, NMR, Cryo-EM
Hub

«>210K structures

«~570K proteins * >200M proteins

Protein sequences, functions, domains . o i
Molecular visualization & analysis

rcsh.org

uniprot.org

Gene Expression Omnibus Genome Browser

« Microarray data « Annotated genomes

* RNA-seq datasets « Comparative genomics

* >4M samples » >300 species
ncbi.nim.nih.gov/geo ensembl.org

Primary resources for sequence, structure, expression, and annotation data

While there are thousands of specialized databases, three major organizations host the primary data for the world:

1. NCBI (National Center for Biotechnology Information): Based in the USA. Home to GenBank (nucleotide sequences) and
PubMed (scientific literature).

2. EMBL-EBI (European Bioinformatics Institute): Based in the UK. Home to Ensembl (genome browser).

3. DDBJ (DNA Data Bank of Japan): Based in Japan.

These three exchange data daily, so a sequence submitted to one will eventually appear in all three.
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7.3 6.3 Key Databases

GenBank (Nucleotides)

An annotated collection of all publicly available DNA sequences.

UniProt (Proteins)

The gold standard for protein data. * Swiss-Prot: Manually annotated and reviewed (High quality). * TTEMBL: Automatically
annotated (High quantity, lower confidence).

Ensembl

A genome browser focused on chordates (humans, mice, etc.). It is excellent for visualizing genes in the context of chromosomes
and seeing variants (SNPs).

7.4 6.4 Accession Numbers: The ID Cards

Every record in a database has a unique identifier called an Accession Number. These are stable over time.

* NM_000546: NCBI RefSeq mRNA.
* NP_000537: NCBI RefSeq Protein.
* P53_HUMAN: UniProt ID.

7.5 6.5 Bioinformatics in Action: Fetching Data with Python

You don't need to visit the website to get data. You can use Biopython's Entrez module to fetch data programmatically.
Note: Always provide your email to NCBI so they can contact you if your script causes issues.

from Bio import Entrez

# 1. Tell NCBI who you are
Entrez.email = "your.email@example.com"

# 2. Fetch a record (e.g., Nucleotide database, ID = NM_000546 for TP53)
# rettype="gb" means GenBank format, retmode="text" means plain text
handle = Entrez.efetch(db="nucleotide", id="NM_000546", rettype="gb", retmode="text")

# 3. Read the data
record_data = handle.read()

handle.close()

print(record_data[:500]) # Print the first 500 characters

Output (Snippet):

LOCuUS NM_000546 2591 bp MRNA linear PRI 02-APR-2023
DEFINITION Homo sapiens tumor protein p53 (TP53), transcript variant 1, mRNA.
ACCESSION NM_000546

VERSION NM_000546.6
SOURCE Homo sapiens (human)
7.6 Summary

Databases are the libraries of bioinformatics. We use Accession Numbers to locate specific books (records) and tools like
Entrez to check them out automatically.
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7.7 6.6 Programmatic Access, APIs, and Standards
Beyond Entrez, programmatic access to data is critical for automation and reproducible research.

* ENA / EBI APIs: The European Nucleotide Archive provides REST endpoints for searching and fetching datasets (use curl or

requests ).
Example (fetch a metadata JSON):

curl -H "Accept: application/json" "https://www.ebi.ac.uk/ena/portal/api/filereport?accession=SRR1234567&result=read_run&fields=run_accession, fastq_ftp"

* GA4GH standards: Emerging standards such as htsget and refget enable secure, standardized access to sequencing reads
and reference sequences across cloud providers.

* Rate limiting & attribution: Always include contact information when scripting large downloads and respect provider rate
limits. Use multiqc and logging to collect provenance information.

Programmatic access enables reproducible pipelines: combine APIs, snakemake , and containers to fetch data, process it, and
archive outputs with clear provenance.
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8.1 7.1 The Language of Evidence

Bioinformatics is data-driven. When we observe a difference—say, gene A is expressed more in tumor cells than normal cells—we
need to know if this difference is real or just random noise. Statistics provides the framework to quantify this uncertainty.

8.2 7.2 Hypothesis Testing and the P-value

The core of statistical inference is Hypothesis Testing.

Principal Component Analysis (PCA)

Dimensionality Reduction for High-Dimensional Biological Data

A Sample Groups PCA Steps

@ Disease (n=10) ° Standardize data
@ control (1=10)

@ Treatment (n=8) Covariance matrix

. . Eigend iti
Variance Explained {gendecompostion

45%
Select top PCs

24%

PC3

PC1 pPC2

PC2 (23.8% variance)

Project data

PC4

Tools

PC1 (45.2% variance
( ) prcomp() | PCA() | sklearn

PCA reduces dimensions while maximizing variance | Unsupervised | Linear transformation

Explore an interactive PCA demo: 078 bii LS &= T ad 7 <MD S 1710

1. Null Hypothesis (\(H_0\)): There is no difference between the groups (e.g., Drug has no effect).
2. Alternative Hypothesis (\(H_1\)): There is a difference.

What is a P-value?

The p-value is one of the most misunderstood concepts in science. * Definition: The probability of observing your data (or
something more extreme) assuming the Null Hypothesis is true. * It is NOT: The probability that the Null Hypothesis is true. *
Interpretation: A low p-value (typically < 0.05) means the data is very surprising if there were no real effect. Therefore, we
reject the Null Hypothesis.
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Common Tests

Common Tests

* Student's t-test: Compares the means of two groups (e.g., Treated vs. Control).
* ANOVA: Compares means of 3+ groups.

* Fisher's Exact Test: Tests associations between categorical variables (e.g., Gene Set Enrichment).

8.3 7.3 The Z-Score (Standard Score)

Often in bioinformatics (especially for heatmaps), we need to compare genes that have vastly different expression levels.

The Z-score standardizes data by centering it around 0 and scaling it by the variance. $$ Z = \frac{x - \mu}{\sigma} $$ Where \
(\mu)) is the mean and \(\sigma) is the standard deviation.

* Z = 0: The value is exactly average.
* Z = +2: The value is 2 standard deviations above average (highly expressed).

e Z = -2: The value is 2 standard deviations below average (low expression).

This allows us to see relative patterns of "up" and "down" regulation across all genes simultaneously.

8.4 7.4 The Multiple Testing Problem & FDR

In bioinformatics, we often test thousands of genes simultaneously (e.g., in RNA-Seq or GWAS).

If you test 20,000 genes with a p-value cutoff of 0.05, you expect \(20,000 \times 0.05 = 1,000\) false positives by chance alone!

False Discovery Rate (FDR)
To fix this, we apply Multiple Testing Correction. The standard method in omics is controlling the FDR.

* Bonferroni Correction: Very strict. Tries to prevent any false positives. (Cutoff becomes \(0.05 / 20,000\)). Often too strict for

biology, causing us to miss real discoveries (False Negatives).

* FDR (Benjamini-Hochberg): Less strict. It controls the proportion of false discoveries. An FDR of 0.05 means "Of all the
genes we call significant, we expect 5% to be false positives." This is the gold standard for high-throughput data.

8.5 7.5 Dimensionality Reduction: PCA

Omics data is high-dimensional (thousands of genes per sample). Principal Component Analysis (PCA) reduces this
complexity by finding new axes (Principal Components) that capture the most variance in the data.
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8.6 7.6 Bioinformatics in Action: Stats with R

Principal Component Analysis (PCA)

Dimensionality Reduction for High-Dimensional Biological Data

A Sample Groups PCA Steps

@ Disease (n=10) o Standardize data
. Control (n=10)
@ Treatment (n=8) Covariance matrix

) ) Ei i
Variance Explained [USECecopesiion

45%
Select top PCs
24%

. =
PC1 PC2 PC3 PC4

PC2 (23.8% variance)

Project data

Tools
prcomp() | PCA() | sklearn

PC1 (45.2% variance)

PCA reduces dimensions while maximizing variance | Unsupervised | Linear transformation

e PC1: Captures the most variation.

* PC2: Captures the second most.

Plotting samples on PC1 vs. PC2 allows us to see clusters, batch effects, or outliers instantly.

8.6 7.6 Bioinformatics in Action: Stats with R

R is the language of statistics. Let's simulate a gene expression experiment and see the difference between raw p-values and FDR

correction.

# 1. Simulate Data

# 1000 genes, 2 groups (Control, Treatment)
set.seed(42)

p_values <- numeric(1000)

for (i in 1:1000) {
# Generate random data for Control group (Mean=10)
control <- rnorm(10, mean = 10, sd = 2)

# For the first 50 genes, make treatment different (True Positives, Mean=14)
if (1 <= 50) {

treatment <- rnorm(10, mean = 14, sd = 2)
} else {

# For the rest, no difference (Null cases, Mean=10)

treatment <- rnorm(10, mean = 10, sd = 2)

}

# Perform t-test
test_result <- t.test(control, treatment)
p_values[i] <- test_result$p.value

}

# 2. Naive P-value counting

# How many "significant" genes if we just use p < 0.05?
significant_naive <- sum(p_values < 0.05)
print(paste("Significant genes (p < 0.05):", significant_naive))

# 3. FDR Correction (Benjamini-Hochberg)

# Adjust the p-values

p_adjusted <- p.adjust(p_values, method = "BH")
significant_fdr <- sum(p_adjusted < 0.05)

print(paste("Significant genes (FDR < 0.05):", significant_fdr))
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8.7 7.7 Effect Size and Power Analysis

Output:

Significant genes (p < 0.05): 93
Significant genes (FDR < 0.05): 48

Notice how the naive method found 93 significant genes (many false positives), while FDR correction narrowed it down to 48
(closer to the true 50).

8.7 7.7 Effect Size and Power Analysis

p-values tell you if an effect is unlikely to be zero, but not how large or practically significant the effect is. Best practices:

» Effect size metrics: Report log2 fold change for expression data, Cohen's d or Hedge's g for group comparisons, odds ratios
for associations.

* Power analysis: Before starting an experiment, estimate the sample size required to detect a given effect at a desired power
(typically 80%). Use tools like pwr (R) or statsmodels (Python) to plan experiments.

* Confidence intervals: Present Cls alongside point estimates to communicate uncertainty.

Modern bioinformatics journals and consortia increasingly require effect sizes and pre-registration of sample size justifications
for clinical and discovery studies.

8.8 Summary

Statistics allows us to separate signal from noise. In bioinformatics, understanding p-values, multiple testing correction
(FDR), effect sizes, and exploratory techniques like PCA is essential for interpreting high-throughput data correctly.
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9. Chapter 8: Sequence Alignment
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9.1 8.1 The Most Fundamental Algorithm

If you have two DNA sequences, the first question you usually ask is: "Are they similar?"

Sequence Alignment is the process of arranging sequences to identify regions of similarity. This similarity often points to
functional, structural, or evolutionary relationships.

*» Homology: A binary state. Sequences are either homologous (share a common ancestor) or they are not.

» Similarity: A mathematical quantity (e.g., "85% similar"). We use similarity to infer homology.

9.2 8.2 Global vs. Local Alignment

Sequence Alignment

Global Alignment Local Alignment

(Needleman-Wunsch) JSmitb-Waterman LBLAST)
a

-~ opoEnEEsn | | o CAnoEnd oo
- I I L Ll

- ANAEAA0EA soldf OOAAAR K
Aligns entire length of both sequences Finds best matching regions (HSPs)

. Match . Mismatch . Gapl/Insertion

Best for: similar-length sequences

Global Alignment (Needleman-Wunsch)

Attempts to align the entire length of two sequences. * Use case: Comparing two genes that are expected to be roughly the same
length and similar overall.

Local Alignment (Smith-Waterman)

Searches for the most similar regions within the sequences, ignoring the rest. * Use case: Finding a small gene inside a massive
chromosome, or finding a shared domain between two otherwise different proteins.
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9.3 8.3 Scoring the Alignment

9.3 8.3 Scoring the Alignment

Computers need a score to decide which alignment is "best". * Match (+): Reward for identical letters. * Mismatch (-): Penalty
for different letters. * Gap (-): Penalty for inserting a space (representing an insertion or deletion).

9.4 8.4 BLAST: The Google of Biology

Running a rigorous alignment (like Smith-Waterman) against millions of sequences is too slow.

BLAST (Basic Local Alignment Search Tool) uses a heuristic (shortcut) method. It finds short, perfect matches ("seeds") and
extends them. It is incredibly fast and is the standard tool for searching databases.

¢ E-value (Expect Value): The number of hits one can "expect" to see by chance.
* E-value = 0.0: Perfect, statistically significant match.

e E-value = 10: Likely random noise.

9.5 8.5 Bioinformatics in Action: Pairwise Alignment
Let's use Biopython to perform a global alignment.

from Bio import Align

# Create an aligner object
aligner = Align.PairwiseAligner()

# Set the scoring system
aligner.mode = 'global'
aligner.match_score = 1.0
aligner.mismatch_score = -1.0
aligner.open_gap_score = -2.0
aligner.extend_gap_score = -1.
"GATTACA"

"GCATGCU"

seql =
seq2 =
# Perform alignment

alignments = aligner.align(seql, seq2)

# Print the best alignment
print(f"Score: {alignments[0].score}")
print(alignments[0])

Output:
Score: 0.0
target O GATTACA 7
0 |.|T.]. 7
query © GCATG-U 6
9.6 Summary

Sequence alignment allows us to compare biological strings. Global alignment compares whole sequences, while Local
alignment finds shared parts. BLAST is the tool we use to search massive databases.

9.7 8.6 Modern Alignment Tools and Practical Workflow

Modern bioinformatics relies on fast, accurate aligners and standard file formats. Key tools and recommendations:

* Short-read aligners: BwA-MEM2 (fast, accurate for Illumina); Bowtie2 for small/short-read applications.
* Long-read aligners: minimap2 (recommended for Oxford Nanopore and PacBio reads).
* Splice-aware aligners: sTAR, HISAT2 for RNA-Seq mapping.

* Format basics: Aligners produce sam/BaM files. Use samtools to sort, index, and query these files.
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Practical command-line pipeline (short-read DNA alignment):

# 1. Index the reference
bwa-mem2 index ref.fa

# 2. Align paired-end reads, output SAM
bwa-mem2 mem ref.fa sample_R1.fastq.gz sample_R2.fastq.gz > sample.sam

# 3. Convert to BAM, sort, and index
samtools view -bS sample.sam | samtools sort -o sample.sorted.bam
samtools index sample.sorted.bam

# 4. Quick QC: flagstat and depth
samtools flagstat sample.sorted.bam

samtools depth -a sample.sorted.bam | awk '{sum+=$3} END {print "mean depth="sum/NR}'

Notes:

9.7 8.6 Modern Alignment Tools and Practical Workflow

» Always record software versions ( bwa-mem2 --version, samtools --version) and parameters for reproducibility.

« For large projects, encode these steps into a workflow manager ( Snakemake , Nextflow) and run inside containers to ensure

portability.
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10.1 9.1 The Tree of Life

"Nothing in biology makes sense except in the light of evolution." - Theodosius Dobzhansky.

Phylogenetic Tree Analysis

4 N\
Tree Building Methods
. Hompisagiess Distance-based:
o8 * UPGMA
* Neighbor-Joining
. Pan troglodytes
Character-based:
* Maximum Parsimony
Rodents . o
* Maximum Likelihood (RAXML)
. Mus musculus « Bayesian (MrBayes, BEAST)
\ J
| @ ‘eamirdins Key Concepts
92
I—. Xenopus tropicalis
— g5
Fish
— . Danio rerio
\_ 0.1 substitutions/site ) \_ )

For an interactive view of tree manipulation and collapsing, open the interactive demo: [ ET=S &= Toi aa7EN i 037 (Yo (21 15 (ol b =TS

Phylogenetics is the study of evolutionary relationships among groups of organisms. We represent these relationships using a
Phylogenetic Tree.

Leaves (Tips): The current species or sequences we are analyzing.
Nodes: The hypothetical common ancestors.
Branches: The lines connecting nodes. The length often represents time or amount of genetic change.

Root: The oldest point in the tree, representing the common ancestor of all species in the tree.

10.2 9.2 Multiple Sequence Alignment (MSA)

Before you can build a tree, you must align your sequences. Since we are comparing more than two, we use Multiple Sequence
Alignment.
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10.3 9.3 Building the Tree

Imagine stacking 10 DNA sequences on top of each other. You need to insert gaps so that the "columns" of the stack align (e.g.,
all the ancestors' Adenines line up).

* Tools: ClustalW, MUSCLE, MAFFT.

10.3 9.3 Building the Tree

There are two main approaches to building trees:

1. Distance-Based (e.g., Neighbor-Joining):
* Calculate the percent difference between every pair of sequences.
e Group the two most similar ones, then the next, until the tree is finished.
* Pros: Very fast. Cons: Less accurate for distant relationships.
2. Character-Based (e.g., Maximum Likelihood, Bayesian):
e Uses statistical models of how DNA mutates (e.g., transitions are more common than transversions).
» Calculates the probability of the tree given the data.

* Pros: Highly accurate. Cons: Computationally expensive (slow).

10.4 9.4 Bioinformatics in Action: Drawing a Tree
Biopython can parse tree files (often in "Newick" format) and visualize them.

from Bio import Phylo
from io import StringIO

# A sample tree in Newick format (usually this comes from a file)
# ((Raccoon, Bear), ((Sea_Lion, Seal), ((Monkey, Cat), Weasel)), Dog);
tree_data = "((Raccoon:10, Bear:10):5, ((Sea_Lion:8, Seal:8):4, ((Monkey:15, Cat:15):3, Weasel:12):2):3, Dog:20);"

# Read the tree
handle = StringIO(tree_data)
tree = Phylo.read(handle, "newick")

# Draw it in ASCII art (perfect for the terminal!)
Phylo.draw_ascii(tree)

Output:
Raccoon
|
| | Bear
|
| Sea_Lion
| |
| | | seal
| |
| | Monkey
| | |
| | Cat
| |
| Weasel
|
| Dog
10.5 Summary

Phylogenetics allows us to reconstruct the history of life. We start with an MSA, choose a method (like Maximum Likelihood),
and produce a tree that visualizes the evolutionary distance between species.
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10.6 9.5 Model Selection, Tools, and Robustness

10.6 9.5 Model Selection, Tools, and Robustness

Modern phylogenetic practice emphasizes model selection, statistical support, and reproducibility.

* Model selection: Use tools like ModelFinder (built into 1Q-TREE) to select substitution models that best fit your MSA.

* Tree inference: Popular, fast, and reliable tools include 1Q-TREE and RAxML-NG for Maximum Likelihood trees; MrBayes for
Bayesian inference.

* Support values: Perform bootstrapping (standard or ultrafast bootstrap in 1Q-TRet ) to quantify node support.

* Visualization: Use ETE3, FigTree, or interactive services like iToL to visualize annotated trees.
Example: running 1Q-TREE with model selection and ultrafast bootstraps:

# Model selection + ML tree + ultrafast bootstrap (1000 replicates)
igtree2 -s alignment.fasta -m MFP -B 1000 -T AUTO

Practical tips:

 Inspect the MSA for poorly aligned regions and trim them (e.g., trimal) before building trees.
» For large datasets, consider partitioning or using gene/species tree reconciliation methods.

e Share alignment, trees, and commands (e.g., README or workflow file) so results are reproducible.
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11.1 10.1 The Jigsaw Puzzle

Genome Assembly Pipeline
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r
Hybrid Assembly

.

When we sequence a genome, we do not read the chromosome from start to finish. Current technology cannot do that. Instead,
we break the DNA into millions of tiny pieces, sequence them, and then try to put them back together.

This is Genome Assembly.

Imagine shredding 100 copies of the New York Times, mixing them up, and trying to reconstruct the Sunday edition.

11.2 10.2 Key Concepts in Assembly

Reads

The raw, short sequences that come off the machine (e.g., 150 letters long).

Coverage (Depth)

The average number of times a specific base in the genome was sequenced. * If a genome is 100 bases long, and you have 3000
bases of data, you have 30x coverage. Higher coverage gives higher confidence.
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Contigs and Scaffolds

Contigs and Scaffolds

1. Contig: A continuous sequence formed by overlapping reads. (A completed puzzle section).

2. Scaffold: Contigs connected by gaps of known length. (Knowing that the "Sports" section comes after "Business", even if you are
missing the page in between).

Repeats: The Villain

Genomes are full of repetitive sequences (e.g., ATATAT... for thousands of bases). If a read is shorter than the repeat, the
assembler doesn't know where it belongs. This is the hardest part of assembly.

11.3 10.3 Assessing Quality: N50

How do we know if an assembly is "good"? We use a metric called N50.

Imagine lining up all your contigs from longest to shortest. Walk down the line until you have covered 50% of the total genome
length. The length of the contig you are standing on is the N50. * High N50 = Good (Long, continuous pieces). * Low N50 =
Bad (Fragmented, tiny pieces).

11.4 10.4 Genome Annotation

Once you have the sequence, you need to find the landmarks. Annotation is the process of identifying genes and features.

e Ab Initio: Using algorithms to find "gene-like" patterns (Start codon ... ORF ... Stop codon).

* Homology-Based: Aligning known proteins from other species to your new genome to find matches.

11.5 10.5 Bioinformatics in Action: Calculating N50

Let's write a function to calculate N50 from a list of contig lengths.

def calculate_n50(contig_lengths):
"""Calculates the N50 metric for a list of contig lengths."""
# 1. Sort lengths in descending order
contig_lengths.sort(reverse=True)

# 2. Calculate total genome size
total_size = sum(contig_lengths)

# 3. Find the threshold (50% of total size)
threshold = total_size / 2

# 4. Walk down the list
current_sum = @
for length in contig_lengths:
current_sum += length
if current_sum >= threshold:
return length
return 0

# Example: A fragmented assembly

contigs = [100, 300, 500, 50, 20, 800]

# Sorted: 800, 500, 300, 100, 50, 20. Total = 1770. Half = 885.
# 800 < 885

# 800 + 500 = 1300 (> 885). So N50 is 500.

n50_val = calculate_n50(contigs)

print(f"N50: {n50_val}")

Output:

N50: 500
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11.6 Summary

11.6 Summary

Genome assembly stitches short reads into long contigs. We use metrics like N50 to judge the quality. Finally, annotation turns
the raw sequence into a map of genes and functions.

11.7 10.6 Modern Assembly: Long reads, hybrid approaches, and best practices

Recent advances in sequencing have shifted the assembly landscape. Long-read technologies (PacBio HiFi, Oxford Nanopore)
produce reads that span many repeats and structural variants, making assemblies much more contiguous. Key recommendations:

* Choose technology by goal: Use short reads (Illumina) for high base accuracy and variant calling; use long reads for
assembly and structural variant discovery. HiFi reads combine length with high accuracy.

* Hybrid assembly: Combine long reads for contiguity with short reads for polishing. Tools: spAdes (hybrid modes), unicycler
(bacterial hybrid), mMaSurca .

* Long-read assemblers: hifiasm (HiFi), Flye, canu.

* Polishing: After assembly, improve base accuracy with short-read polishing tools ( Pilon ) or long-read polishers ( Racon,
Medaka ). For HiFi assemblies, fewer polishing rounds are typically needed.

* Scaffolding & phasing: Use Hi-C, linked reads, or trio-binning to scaffold and phase haplotypes when producing reference-
quality genomes.

11.8 10.7 Quality control and evaluation

Tools and metrics to include in any assembly workflow:

* QUAST: Comprehensive assembly evaluation (N50, misassemblies, genome fraction).
* BUSCO: Measures gene-space completeness using single-copy orthologs.

* BlobTools: Detect contamination by taxonomic assignment of contigs.
Practical tips:

» Target appropriate coverage: ~30-60x for long-read assembly depending on genome complexity; higher for polyploid or
repeat-rich genomes.

* Keep raw data and intermediate files organized and versioned; record software versions and parameters for reproducibility.

11.9 10.8 Recommended minimal pipeline (example)

. Basecalling and adapter trimming (if required).

. Read QC and filtering (remove low-quality reads and contaminants).

. Assemble with a long-read assembler (or hybrid assembler when combining data).
. Polish the assembly with reads of complementary accuracy.

. Run QUAST and BUSCO to evaluate.

. Annotate using evidence-based pipelines (e.g., MAKER, BRAKER ) and deposit raw reads and assembly in public archives (SRA, ENA)

for transparency.

11.10 10.9 Further reading and resources

* The Genome Reference Consortium and recent high-quality assemblies (e.g., T2T consortium) provide important case studies
in assembly best practices.

¢ Tool documentation: hifiasm, Flye, SPAdes, QUAST, BUSCO.
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12.1 11.1 The Sequencing Revolution

For decades, Sanger sequencing was the gold standard. It was reliable but slow and expensive, sequencing one small piece of
DNA at a time. The Human Genome Project took over 10 years and cost billions of dollars using this method.

Next-Generation Sequencing (NGS) changed everything. Instead of one-by-one, NGS technologies sequence millions or
billions of DNA fragments simultaneously. This massive parallelism has caused the cost of sequencing to plummet faster than the
cost of computing (a trend that outpaces Moore's Law).

12.2 11.2 The Core Principle: Massive Parallelism

Next-Generation Sequencing Workflow

From Sample to Insights

While different NGS platforms (like Illumina, PacBio, or Oxford Nanopore) have unique chemistries, the general workflow is
similar:

Fragmentation: The genome is broken into millions of small, manageable pieces.

Library Preparation: Special adapters are attached to the ends of these fragments.

Sequencing: The fragments are loaded onto a flow cell (a glass slide) and sequenced in parallel. For Illumina, this involves taking
a picture each time a new, fluorescently-tagged nucleotide is added to the growing strand.

Data Output: The machine outputs the sequence data for each fragment into a specific file format.
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12.3 11.3 The FASTQ File: Sequences and Quality

12.3 11.3 The FASTQ File: Sequences and Quality

The standard output file from most NGS machines is the FASTQ file. It's like a FASTA file, but with a crucial addition: a quality
score for each base.

A FASTQ record has four lines: 1. @seqQ_1p : The sequence identifier, starting with an @. 2. GATTACA... : The raw sequence of
bases. 3. +: A separator line, sometimes repeating the ID. 4. #>>?a2... : The quality string. Each character represents a quality
score for the corresponding base in line 2.

12.4 11.4 Phred Quality Scores

The characters in the quality string are not random; they are ASCII characters that encode a Phred quality score (Q score).
The score relates to the probability of an error in the base call.

* Q10: 1 in 10 chance of error (90% accuracy)
* Q20: 1 in 100 chance of error (99% accuracy)

* Q30: 1 in 1,000 chance of error (99.9% accuracy)

Q30 is generally considered the benchmark for high-quality data.

12.5 11.5 Bioinformatics in Action: Parsing FASTQ with Biopython

Just like seqio can parse FASTA files, it can also handle FASTQ files, automatically interpreting the quality scores for you.

from Bio import SeqIO
# Assume we have a file named 'reads.fastq'

# SeqIO.parse takes the filename and the format name
for record in SeqlIO.parse('"reads.fastq", "fastq"):

# The record object has the sequence and ID...
print(f"ID: {record.id}")
print(f"Sequence: {record.seq}")

# ...and it also has the quality scores as a list of integers

# This is the raw Phred score for the first base.

first_base_quality = record.letter_annotations["phred_quality"]

print(f"Quality of first base: {first_base_quality}")

# Let's find the average quality of this read

avg_quality = sum(record.letter_annotations["phred_quality"]) / len(record.seq)
print(f"Average read quality: {avg_quality:.2f}")

print("---")

# We'll just look at the first record for this example

break

This ability to programmatically check the quality of your data is the first step in any NGS analysis pipeline. Low-quality reads
are often trimmed or discarded before moving on to assembly or alignment.

12.6 Summary

NGS allows for massive parallel sequencing, generating huge amounts of data quickly and cheaply. This data is stored in FASTQ
files, which contain both the sequence and a Phred quality score for each base. We use tools like Biopython to parse these files
and assess data quality before analysis.

12.7 11.6 Common NGS Data Types and File Formats

* FASTQ: Raw reads + quality.
* FASTA: Assembled sequences or reference genomes (no quality scores).

* SAM/BAM/CRAM: Aligned reads (SAM is human-readable; BAM is compressed binary; CRAM is compressed with reference-
based compression).
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12.8 11.7 Best Practices & Typical Pipeline (recommended)

* VCF: Variant calls (SNPs, indels) and annotations.

12.8 11.7 Best Practices & Typical Pipeline (recommended)
A standard short-read (Illumina) pipeline for variant discovery or RNA-Seq analysis typically follows:

. Raw data QC: Fastqc, then aggregate with multiqQc.

. Trimming/filtering: TrimGalore/fastp to remove adapters and low-quality bases.

. Alignment: BwA-MEM2 for short reads, minimap2 for long reads or transcriptome alignment.

. Post-processing: samtools for sorting/indexing; mark duplicates with picard .

. Variant calling: GATk Best Practices pipeline, FreeBayes, or Deepvariant (machine-learning based).

. Annotation: snpeff, VEP to add gene and functional context.

12.9 11.8 Reproducibility: Workflows, Containers, and Data Provenance

Reproducible analysis is essential. Recommendations:

* Use workflow managers: Snakemake , Nextflow, or Cromwell to encode pipelines as reproducible workflows.
e Containerize tools: use Docker or Singularity/Apptainer to lock tool versions and dependencies.
» Keep manifests: record conda/pip environments or provide Dockerfile/Singularity images.

e Use multiQc and automated reports to capture QC metadata.

12.10 11.9 Emerging Methods and Notes

* Long-read sequencing (Oxford Nanopore, PacBio) enables isoform-level RNA analysis, direct RNA sequencing, and improved
structural variant detection.

» Single-cell sequencing requires specialized preprocessing (UMI handling, cell barcodes) and downstream tools ( cellRanger ,
Scanpy , Seurat ).

* Privacy and ethics: human sequence data often requires controlled-access storage and adherence to consent agreements.

12.11 11.10 Quick example Snakemake rule (alignment)

rule align:
input:
reads="{sample}.fastq.gz",
ref="ref/genome.fa"
output:
bam="{sample}.bam"
shell:

bwa-mem2 mem {input.ref} {input.reads} | samtools sort -o {output.bam}
samtools index {output.bam}

This small rule demonstrates how to pin commands into a reproducible workflow. Workflow files should be version-controlled
alongside configuration and environment manifests.

- 50/80 - © 2026 Raymond Otoo. Licensed under CC BY-SA 4.0.



13. Chapter 12: Transcriptomics: Analyzing Gene Expression (RNA-Seq)

13. Chapter 12: Transcriptomics: Analyzing Gene Expression (RNA-Seq)

& Download Lecture Slides (PPTX)

13.1 12.1 What is the Transcriptome?

The genome is the cell's complete set of DNA—a static blueprint. However, not all genes in the blueprint are active at the same
time. A brain cell and a liver cell have the same DNA, but they use different sets of genes to perform their specialized functions.

The transcriptome is the complete set of all RNA molecules (transcripts) in a cell at a specific moment. It's a dynamic snapshot
of which genes are currently being expressed.

Transcriptomics is the study of this transcriptome, primarily to understand which genes are turned "on" or "off" under different
conditions.

13.2 12.2 The RNA-Seq Workflow

RNA-Seq Analysis Workflow

The dominant technology for studying the transcriptome is RNA-Seq (RNA Sequencing). It leverages the NGS technology we
learned about in Chapter 11.

RNA Extraction: Isolate all RNA from a cell sample.

Reverse Transcription: Convert the unstable RNA into more stable complementary DNA (cDNA).

NGS Sequencing: Sequence the cDNA fragments to generate millions of short reads.

Mapping: Align the sequencing reads to a reference genome to see which gene they came from.

Quantification: Count how many reads mapped to each gene. This count is a proxy for the gene's expression level.
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13.3 12.3 Mapping Reads to a Genome

13.3 12.3 Mapping Reads to a Genome

Unlike genome assembly where we build the puzzle from scratch, in RNA-Seq we usually have a reference genome to work with.

We use specialized aligners to map our RNA reads back to it.

However, there's a complication: splicing. In eukaryotes, genes are composed of exons (coding regions) and introns (non-coding

regions). The introns are "spliced out" of the final mRNA. This means a read from a single mRNA molecule might map to two

different exons in the genome, separated by a large intron.

Therefore, we need splice-aware aligners like STAR or HISAT?2 that can handle these large gaps.

13.4 12.4 Quantifying and Normalizing

Simply counting the reads per gene is not enough. A longer gene will naturally get more reads than a shorter one, and a sample
sequenced to a greater depth will have more reads overall. We must normalize these counts.

Common units include: * TPM (Transcripts Per Million): Normalizes for both gene length and sequencing depth. This is the
most common unit for comparing expression levels within a sample. * FPKM/RPKM: Older metrics, largely replaced by TPM.

13.5 12.5 Differential Expression Analysis

Volcano Plot: Visualizing Differential Expression
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Volcano plots combine fold change (bio\ogiczg significance) with p-value (statistical significance)

The most common goal of an RNA-Seq experiment is to find Differentially Expressed Genes (DEGSs).

* Scenario: You have two conditions: "Treated" vs "Control".

* Question: Which genes are significantly up-regulated (more active) or down-regulated (less active) in the "Treated" group?
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13.6 12.6 Bioinformatics in Action: A Conceptual Workflow

We use statistical tools like DESeq2 or edgeR that take the raw counts, perform robust normalization, and calculate two key
values for each gene:

1. Log2 Fold Change: How much the gene's expression has changed between conditions. (e.g., +2 means 4x higher expression).

2. p-value (or adjusted p-value): The statistical significance of this change.

The final result is often visualized as a Volcano Plot, which plots the fold change against the p-value, making it easy to see the
most significant DEGs.

13.6 12.6 Bioinformatics in Action: A Conceptual Workflow

A full RNA-Seq analysis involves multiple command-line tools chained together. While the exact code is too complex for an
introduction, the conceptual pipeline looks like this:

# Step 1: Index the reference genome for the aligner

hisat2-build genome.fa genome_index

# Step 2: Align reads from a sample to the genome

# -x: index, -U: unpaired reads, -S: output file
hisat2 -x genome_index -U samplel.fastq -S samplel.sam

# Step 3: Convert SAM to sorted BAM (a compressed, indexed format)
samtools view -bS samplel.sam | samtools sort -o samplel.sorted.bam

# Step 4: Count how many reads overlap with each gene
# -a: annotation file, -o: output counts

featureCounts -a genes.gtf -o counts.txt samplel.sorted.bam

# Step 5: Analyze the 'counts.txt' file in R using DESeq2
# (This step is performed in the R programming language, not the shell)

This workflow is repeated for every sample, and the final count files are combined for differential expression analysis.

13.7 Summary

Transcriptomics provides a dynamic view of the genome in action. The RNA-Seq workflow allows us to quantify gene
expression by sequencing cDNA and mapping the reads back to a genome. The ultimate goal is often to find differentially
expressed genes between different conditions, giving us powerful insights into the molecular basis of disease, development, and
cellular responses.

13.8 12.7 Modern Quantification Methods: Pseudoalignment and Transcript-Level Analysis

Newer tools perform very fast, accurate transcript quantification without full alignment. These are now standard for many RNA-
Seq workflows:

* Pseudoaligners / lightweight quantifiers: salmon and Kallisto map reads to a transcriptome index and produce transcript-
level abundances quickly and with low memory.

* Transcript-to-gene aggregation: Use tximport (R) to import transcript-level estimates into gene-level counts for DE testing
in DESeq2 or edgeR.

Example: quantify with salmon (quasi-mapping mode):

# Build transcriptome index
salmon index -t transcripts.fa -i transcripts_index

# Quantify reads

salmon quant -i transcripts_index -1 A \
-1 sample_R1l.fastq.gz -2 sample_R2.fastq.gz \
-p 8 -o sample_salmon
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13.9 12.8 Differential Expression and Downstream Analysis

13.9 12.8 Differential Expression and Downstream Analysis

* DE tools: DESeq2 and edgeR remain standard for differential expression with appropriate normalization and experimental
design specification.

* Visualization: PCA on normalized counts, heatmaps, and volcano plots help inspect results and batch effects.

» Single-cell: For single-cell RNA-Seq, specialized preprocessing is required: UMI handling, cell barcode parsing, doublet
detection, and normalization. Tools: cellRanger (10x Genomics), Scanpy, Seurat .

13.10 12.9 Reproducible RNA-Seq Pipelines

Encode your pipelines using Snakemake or Nextflow, containerize tools, and include multiQc to aggregate QC across samples. For
large consortia projects, maintain metadata (sample sheets) and workflow parameter files to ensure provenance.
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14. Chapter 13: Proteomics and Metabolomics
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14.1 13.1 Beyond the Genome

Genomics tells us what could happen (the blueprint). Transcriptomics tells us what appears to be happening (the instructions).

But Proteomics and Metabolomics tell us what is actually happening.
Proteins are the functional units, and metabolites are the fuel and building blocks. Studying them gives us the closest view of the

organism's phenotype.

14.2 13.2 Proteomics: The Mass Spec Revolution

Mass Spectrometry in Proteomics

1. Sample Prep 2. LC Separation 3. Mass Spectrometer 4. Data Analysis
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Mass spectrometry enables comprehensive protein identification, quantification, and characterization

14.3 12.6 Modern Proteomics: DDA vs DIA and Quantification

Proteomics has matured with better instruments and computational workflows. Two dominant acquisition strategies exist:

* DDA (Data-Dependent Acquisition): The instrument selects the most intense precursor ions for fragmentation. Historically

common and supported by tools like MaxQuant .

* DIA (Data-Independent Acquisition): Fragments all ions in predefined windows, improving reproducibility and depth of

quantification. Tools: OpenSWATH, DIA-NN.
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14.4 13.3 Metabolomics: The Chemical Fingerprint

Key points for quantitative proteomics:
* Spectral libraries vs library-free: DIA benefits from spectral libraries but modern tools (DIA-NN) can operate in library-free
or predicted-library modes.

* Label-free vs labeling approaches: TMT/iTRAQ allow multiplexing; label-free workflows scale more simply but require
careful normalization.

* Quality control: Monitor peptide identification rates, retention time stability, and coefficient of variation across replicates.
Recommended tools and pipelines:

e MaxQuant for DDA identification and quantification.
* DIA-NN, OpenswATH for DIA analyses.

* Use perseus or Msstats for downstream statistical analysis and differential protein expression.
Practical advice:

» Store raw files and spectral libraries in a structured archive and deposit them in PRIDE or MassIVE when publishing.

* Include a clear description of search parameters, enzyme specificity, and false discovery rate (FDR) thresholds.
Unlike DNA, we cannot "sequence" proteins easily. Instead, we weigh them.

Mass Spectrometry (Mass Spec) is the workhorse of proteomics. 1. Digestion: Proteins are chopped into small peptides using
enzymes like Trypsin. 2. Ionization: Peptides are given an electric charge and turned into gas. 3. Detection: The machine
measures the Mass-to-Charge Ratio (m/z) of these peptides.

Bioinformatics software then takes these lists of masses and compares them against a database of known protein masses to
identify which proteins are present.

14.4 13.3 Metabolomics: The Chemical Fingerprint
Metabolomics studies small molecules (sugars, lipids, amino acids, vitamins).

* Targeted Metabolomics: Looking for a specific set of known compounds (e.g., "How much glucose is in this blood sample?").

* Untargeted Metabolomics: Measuring everything to find new patterns (e.g., "What molecules are different in cancer
patients vs healthy people?").

14.5 13.4 Bioinformatics in Action: Protein Analysis

While analyzing raw Mass Spec data requires specialized tools (like MaxQuant), we can use Biopython to analyze the properties
of the proteins we identify.

Let's calculate the molecular weight and instability index of a protein sequence.

from Bio.SeqUtils.ProtParam import ProteinAnalysis

# A sample protein sequence (p53 partial)
protein_seq = "MEEPQSDPSVEPPLSQETFSDLWKLLPENNVLSPLPSQAMDDLMLSPDDIEQWFTEDPGP"

# Create an analysis object
analysed_seq = ProteinAnalysis(protein_seq)

# 1. Calculate Molecular Weight (in Daltons)
mw = analysed_seq.molecular_weight()

# 2. Calculate Isoelectric Point (pH where charge is 0)
pi = analysed_seq.isoelectric_point()

# 3. Calculate Amino Acid Percentages
aa_count = analysed_seq.get_amino_acids_percent()

print(f"Sequence Length: {len(protein_seq)}")
print(f"Molecular Weight: {mw:.2f} Da")
print(f"Isoelectric Point: {pi:.2f}")
print(f"Percent Leucine (L): {aa_count['L']:.1%}")
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14.6 12.5 Pathway Analysis

Output:

Sequence Length: 60
Molecular Weight: 6793.46 Da
Isoelectric Point: 3.77
Percent Leucine (L): 13.3%

14.6 12.5 Pathway Analysis

Once we have a list of changed proteins or metabolites, we map them to Pathways.

* KEGG (Kyoto Encyclopedia of Genes and Genomes): A database of metabolic pathways.

* Reactome: A database of biological reactions.

If you find that "Glucose", "Pyruvate", and "ATP" are all elevated, pathway analysis will tell you that "Glycolysis" is upregulated.

14.7 Summary
Proteomics and Metabolomics use Mass Spectrometry to identify and quantify the functional molecules of the cell.

Bioinformatics is used to identify these molecules from their mass fingerprints and map them to biological pathways to
understand the cell's metabolic state.
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15. Chapter 14: Microbiomics: Analyzing Microbial Communities
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15.1 14.1 We Are Not Alone

You are more bacteria than human. The Microbiome refers to the trillions of microorganisms living in and on us (and in the
environment). These communities affect digestion, immunity, and even mental health.

Microbiomics (or Metagenomics) is the study of these communities.

15.2 14.2 16S rRNA: The Barcode of Bacteria

To identify which bacteria are present, we don't sequence their whole genomes. We sequence one specific gene: 16S rRNA.

e Universal: All bacteria have it.

 Variable: It has specific regions (V3, V4) that are different between species.

By sequencing this "barcode," we can identify the bacteria without growing them in a lab.

15.3 14.3 The QIIME 2 Workflow

QIIME 2 (Quantitative Insights Into Microbial Ecology) is the industry-standard command-line platform for this analysis.

1. Import Data: Load FASTQ files.
2. Denoising (DADA?2): Correct sequencing errors and group identical sequences into ASVs (Amplicon Sequence Variants).
3. Taxonomy Assignment: Compare ASVs to a database (like Silva or Greengenes) to give them names (e.g., E. coli).

4. Diversity Analysis: Calculate how diverse the samples are.
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15.4 14.4 Diversity: Alpha vs. Beta

15.4 14.4 Diversity: Alpha vs. Beta

Microbiome Analysis & Diversity

Comparing Microbial Communities

Healthy Gut Dysbiotic Gut

Changes in Dysbiosis

1 Reduced diversity
—

1 Fewer beneficial bacteria
. Dysbiosis 1 Pathogen overgrowth

. - 1 Inflammation

. High diversity Low diversity J
Richness: Distance Metrics:
* Observed OTUs/ASVs « Bray-Curtis
* Chaol estimator :‘ « UniFrac (weighted/unweighted)
Evenness: . " Jaccard
« Pielou's evenness [ ) ¢ Statistical Tests:
Combined: Shannon Index PCOATNMDS « PERMANOVA (adonis)
+ Shannon index (H') H' = -2 piIn(p)) Oy @ Disease
« Simpson index (1-D)
\ J \_ J
Tools:  QIIME2 « DADA2 « phyloseq « MicrobiomeAnalyst « mothur « MetaPhlAn | 16S / Shotgun

15.5 13.4 Modern Microbiome Methods and Best Practices

Microbiome research can use targeted marker gene sequencing (16S) or whole-metagenome shotgun sequencing. Key practices:

* DADA2 / Deblur: Use amplicon denoising (DADA?2) rather than OTU clustering for higher resolution.
* QIIME2: A full ecosystem for 16S processing, visualization, and reproducible pipelines.

* Shotgun metagenomics: Provides species- and strain-level resolution and functional profiling (e.g., HUMAnN).
Analysis considerations:

* Contamination control: Include blanks and negative controls; use decontam to identify contaminants.

* Compositional data: Use compositional-aware methods (ALDEx2, DESeq2 with caution) and transform data (CLR) before
multivariate analyses.

* Diversity metrics: Alpha (within-sample) and Beta (between-sample) are standard; use rarefaction carefully and prefer robust

normalization methods.
Data sharing:

* Deposit raw reads in SRA/ENA and provide sample metadata in standard formats (MIxS). Provide analysis notebooks and
environment files for reproducibility.

This is the most important concept in microbiome analysis.

Alpha Diversity (Within Sample)

"How many different species are in this sample?" * Richness: Count of species. * Shannon Entropy: Accounts for both richness

and evenness (abundance).
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Beta Diversity (Between Samples)

Beta Diversity (Between Samples)

"How different is the community in Sample A compared to Sample B?" * Jaccard Index: Based on presence/absence. * Bray-
Curtis: Based on abundance. * UniFrac: Based on the phylogenetic distance between bacteria.

15.6 14.5 Bioinformatics in Action: Calculating Alpha Diversity

While QIIME 2 does this on a massive scale, let's write a Python function to understand the math behind Shannon Entropy, a
common Alpha Diversity metric.

\[ H =-\sum p i\ln(p i) \]
Where \(p i\) is the proportion of the total population made up of species \(i\).

import math

def calculate_shannon_entropy(counts):
"""Calculates Shannon Entropy (Alpha Diversity) for a list of species counts."""
total = sum(counts)
if total == 0:
return 0.0
entropy = 0.0
for count in counts:
if count > 0:
# Calculate proportion (p)
p = count / total
# Add to entropy sum
entropy -= p * math.log2(p)

return entropy
# Example:
# Sample A: Very diverse (even spread)

sample_A = [10, 10, 10, 10]

# Sample B: Low diversity (dominated by one species)
sample_B = [37, 1, 1, 1]

entropy_A = calculate_shannon_entropy(sample_A)
entropy_B = calculate_shannon_entropy(sample_B)

print(f"Sample A (Diverse): {entropy_A:.2f}")

print(f"Sample B (Dominated): {entropy_B:.2f}")

Output:

Sample A (Diverse): 2.00
Sample B (Dominated): 0.56

Higher entropy means higher diversity!
15.7 Summary

Microbiomics uses the 16S rRNA gene to identify bacteria. We use tools like QIIME 2 to process reads into ASVs. We then
compare communities using Alpha Diversity (richness within a sample) and Beta Diversity (differences between samples).
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16.1 15.1 Structure Determines Function

In Chapter 3, we learned that proteins fold into complex 3D shapes. Structural Bioinformatics is the subfield dedicated to
analyzing, predicting, and simulating these 3D structures.

Why does this matter? Because if you know the shape of a lock (a protein involved in a disease), you can design a key (a drug) to
fit it.

16.2 15.2 The Protein Data Bank (PDB)

AlphaFold: Al-Powered Protein Structure Prediction

DeepMind & EMBL-EBI | 200+ Million Structures Predicted
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S

MVLSPADKTNVKAAWGKVG MVLSPADKTNVKAAWGKVG
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Inter-domain confidence measure . .
@ Antibody Design

Lower values = higher confidence ColabFold (Faster inference)

@ Protein-Protein Interactions

AlphaFold2 solved the 50-year protein folding challenge | Nature 2021 | 200M+ predicted structures in AlphaFold DB

16.3 14.4 Interpreting Predicted Structures and Downstream Analyses

Structure prediction (AlphaFold) is best used as a hypothesis generator. Guidance:

* Confidence metrics: Inspect per-residue confidence (pLDDT) and predicted aligned error (PAE) when available.
* Compare to experiment: Overlay predicted models with PDB or cryo-EM maps when possible to validate conformations.
* Molecular dynamics (MD): Use MD (e.g., GRoMACS ) to sample conformational flexibility and assess stability, when necessary.

* Binding site inference: Combine structure with docking and evolutionary conservation to predict ligand-binding residues.
Visualization & tools:

e pymoL, chimerax for high-quality figures and interactive exploration.

* Use AlphaFold DB to query precomputed models before running local predictions.
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16.4 15.3 The AlphaFold Revolution

The PDB is the worldwide repository for 3D structural data of large biological molecules. Unlike GenBank (which stores
sequences), PDB stores coordinates (X, Y, Z positions) for every atom in the molecule.

These structures are usually determined experimentally using: 1. X-ray Crystallography: Shining X-rays at a crystallized
protein. 2. NMR Spectroscopy: Using magnetic fields. 3. Cryo-Electron Microscopy (Cryo-EM): Freezing samples and using
electron microscopes (the current hot technology).

16.4 15.3 The AlphaFold Revolution

For 50 years, the "Protein Folding Problem" (predicting structure from sequence alone) was considered one of the hardest
challenges in biology.

In 2020, Google DeepMind's AlphaFold Al solved this problem for most proteins. It uses deep learning to predict structures with
accuracy comparable to experimental methods. This has completely transformed the field, giving us structures for nearly every
known protein.

16.5 15.4 Molecular Docking

Docking is a computational simulation to predict how two molecules interact. * Protein-Ligand Docking: Predicting how a
small drug molecule binds to a protein target. This is the basis of Structure-Based Drug Design. * Protein-Protein Docking:
Predicting how two proteins form a complex.

16.6 15.5 Bioinformatics in Action: Parsing PDB Files

Biopython has a powerful module called Bio.pbB for manipulating these structures. Let's look at how to calculate the distance
between two atoms.

from Bio.PDB import PDBParser
import warnings

# Suppress PDB construction warnings for this example
warnings.filterwarnings("ignore")

# In a real scenario, you would download a file like '1FAT.pdb'
# parser = PDBParser()
# structure = parser.get_structure("MyProtein", "1FAT.pdb")

# For this example, let's imagine we have two atoms with 3D coordinates
# Atom A coordinates (x, y, z)
atom_a_coord = [1.0, 2.0, 3.0]

# Atom B coordinates
atom_b_coord = [4.0, 6.0, 8.0]

# We can calculate the Euclidean distance manually
import math

def calculate_distance(coordl, coord2):
dx = coordi1[0@] - coord2[0]
dy = coordi[1] - coord2[1]
dz = coordi[2] - coord2[2]
return math.sqrt(dx**2 + dy**2 + dz**2)

distance = calculate_distance(atom_a_coord, atom_b_coord)
print(f"Atom A: {atom_a_coord}")

print(f"Atom B: {atom_b_coord}")
print(f"Distance: {distance:.2f} Angstroms")

Output:

Atom A: [1.0, 2.0, 3.0]
Atom B: [4.0, 6.0, 8.0]
Distance: 7.07 Angstroms

Note: In Bio.PDB, you can simply subtract two atom objects (dist = atom1 - atom2) to get this distance!
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16.7 Summary

16.7 Summary

Structural bioinformatics bridges the gap between linear sequence and 3D reality. With tools like the PDB and AlphaFold, we
can visualize the molecular machinery of life and design drugs to fix it when it breaks.
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& Download Lecture Slides (PPTX)

17.1 16.1 Reductionism vs. Holism

Traditional biology is reductionist: it breaks things down to study them (e.g., studying one gene at a time).

Systems Biology is holistic: it studies the interactions between the parts. It views the cell not as a bag of individual parts, but

as a complex, interconnected network.

"The whole is greater than the sum of its parts."

17.2 16.2 Biological Networks

Biological Network Analysis

( )
Protein-Protein Interaction Network
@
Node size = Connectivity (degree) . Hub protein
. J

17.3 15.4 Network Analysis and Pathway Enrichment

Network Types

PPI Networks

Systems biology connects molecular entities into networks and pathways. Practical components:

Network construction: Build co-expression or protein-protein interaction networks (WGCNA, STRING interactions).

Module detection: Identify modules/clusters and test for enrichment of pathways or gene ontology terms.

Pathway enrichment: Tools include g:Profiler, ReactomePA, clusterProfiler for pathway over-representation and GSEA

approaches.



Types of Networks

Best practices:

* Use multiple evidence sources (expression, interaction databases) to build robust networks.
» Correct for multiple testing and report effect sizes, not only p-values.
 Visualize modules with clear legends, colors, and interactive viewers where possible.

We represent these systems using Graphs (Networks). * Nodes: The biological entities (Genes, Proteins, Metabolites). * Edges:
The relationships (Interacts with, Regulates, Converts to).

Types of Networks

1. Protein-Protein Interaction (PPI) Networks: Who talks to whom? (Physical binding).
2. Gene Regulatory Networks (GRN): Who is the boss? (Transcription factors controlling gene expression).

3. Metabolic Networks: The factory floor. (Enzymes converting Substrate A to Product B).

17.4 16.3 Network Topology: Hubs and Bottlenecks

Biological networks are not random. They are Scale-Free Networks. * Most nodes have very few connections. * A few nodes
(Hubs) have a massive number of connections.

TP53 (the guardian of the genome) is a classic hub protein. If you knock out a random gene, the cell might survive. If you knock
out a hub like TP53, the system collapses (often leading to cancer).

17.5 16.4 Bioinformatics in Action: Network Analysis

We use the Python library networkx to analyze these graphs.

import networkx as nx

# Create an empty graph
G = nx.Graph()

# Add interactions (Edges)
# Imagine Protein A interacts with B, C, and D (A is a Hub)
interactions = [

("Protein_A", "Protein_B"),
("Protein_A", "Protein_C"),
("Protein_A", "Protein_D"),
("Protein_B", "Protein_C"),
("Protein_E", "Protein_F")

1
G.add_edges_from(interactions)

# Calculate "Degree Centrality" (How connected is each node?)
centrality = nx.degree_centrality(G)

# Find the most connected node
most_connected = max(centrality, key=centrality.get)

print("Network Nodes:", G.nodes())
print(f"The Hub is: {most_connected} with score {centrality[most_connected]:.2f}")

Output:

Network Nodes: ['Protein_A', 'Protein_B', 'Protein_C', 'Protein_D', 'Protein_E', 'Protein_F']
The Hub is: Protein_A with score 0.60

17.6 15.5 Integration

The ultimate goal of systems biology is to integrate data from Genomics, Transcriptomics, Proteomics, and Metabolomics into a
single model. This allows us to simulate entire cells (e.g., Flux Balance Analysis) to predict how a bacteria will grow or how a
drug will affect a human cell.
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17.7 Summary

17.7 Summary

Systems Biology puts the pieces of the puzzle back together. By analyzing networks and identifying hubs, we understand the
organization of life.
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18.1 17.1 From Bench to Bedside

We have reached the final chapter. How does all this code and biology actually help people?

Translational Bioinformatics is the application of these technologies to healthcare. It is driving the shift toward Precision
Medicine.

18.2 17.2 Pharmacogenomics

One size does not fit all. A drug that cures one patient might kill another due to genetic differences in how they metabolize the
drug.

* Example: The gene CYP2D6 processes many painkillers and antidepressants.
* Poor Metabolizers: The drug builds up to toxic levels.

» Ultra-rapid Metabolizers: The drug is cleared before it can work.

Bioinformatics allows doctors to screen a patient's genome before prescribing to ensure the right drug and right dose.

18.3 17.3 Cancer Genomics

Cancer is a disease of the genome. It is caused by accumulated mutations.

By sequencing a tumor (Tumor) and the patient's healthy blood (Normal), bioinformaticians perform Tumor-Normal pairs
analysis. 1. Subtract the normal variants from the tumor variants. 2. Identify the specific Somatic Mutations driving the
cancer. 3. Select a targeted therapy that attacks cells with that specific mutation (e.g., using Herceptin for HER2+ breast
cancer).

18.4 17.4 GWAS: Genome-Wide Association Studies

Illustration of GWAS Manhattan Plot

18.5 16.4 Clinical Bioinformatics: Standards and Interpretation
Translating bioinformatics into clinic-grade results requires standards, validation, and clear reporting.

* Variant interpretation: Follow ACMG/AMP guidelines for clinical classification (Pathogenic, Likely Pathogenic, VUS, Likely
Benign, Benign).

* VCF best practices: Include detailed metadata, sample identifiers, and ensure reproducible filtration steps; use bcftools and
GATK best practices.

* Reporting and provenance: Maintain audit trails, software versions, and parameter files. Use controlled-access repositories
for human data to comply with consent.

Privacy and federated analysis:

» For sensitive human genomic data, consider federated approaches (DataSHIELD, GA4GH APIs) and de-identification
strategies. Engage ethics and legal teams early.

How do we find the genes responsible for complex diseases like Diabetes or Alzheimer's?
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18.6 17.5 Bioinformatics in Action: Interpreting a VCF

We sequence thousands of people with the disease (Cases) and thousands without (Controls). We then test millions of SNPs to
see if any variant is statistically more common in the Case group.

The result is a Manhattan Plot, where spikes indicate genomic regions associated with the disease.

18.6 17.5 Bioinformatics in Action: Interpreting a VCF

The standard file format for storing genetic variations in medicine is the VCF (Variant Call Format). It's cryptic, but you now
have the skills to read it.

A typical line looks like this: chri 8675309

Let's write a parser to interpret this clinical finding.

def parse_vcf_line(line):
parts = line.split()

variant_info = {

}

"Chromosome": parts[0]
"Position": parts[1],
"ID": parts[2],
"Reference": parts[3],
"Alternate": parts[4],
"Quality": parts[5],
"Filter": parts[6],
"Info": parts[7]

return variant_info

# A sample VCF line
vef_line = "chrl7 7577120 rs28929474 C T 99 PASS GENE=TP53;CLIN_SIG=Pathogenic"

data = parse_vcf_line(vcf_line)

print(f"Mutation found on {data['Chromosome']} at {data['Position']}")
print(f"Change: {data['Reference']} -> {data['Alternate']}")

# Check for clinical significance in the INFO field

if "Pathogenic" in data['Info']:

print("ALERT: This variant is classified as PATHOGENIC.")

else:

print("variant significance unknown.")

Output:

Mutation found on chri7 at 7577120

Change: C -> T

ALERT: This variant is classified as PATHOGENIC.

18.7 16.6 The Future

rs12345 G A 100 PASS DP=50;AF=0.5

We are just getting started. With technologies like CRISPR gene editing, Single-Cell Sequencing, and Al-driven diagnostics,

bioinformatics will continue to be at the forefront of modern medicine.

Thank you for reading The Serial Bioinformatics. You now possess the foundational knowledge to explore this incredible field.

The code of life is waiting for you to decipher it.

[End of Book]
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19. Chapter 18: Integrated Clinical Proteomics: The Full Analytical Pipeline

19. Chapter 18: Integrated Clinical Proteomics: The Full Analytical Pipeline
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19.1 18.1 Overview

This chapter details the comprehensive computational workflow used to identify proteomic signatures of Alzheimer's Disease
(AD) by integrating data from the ADNI and ADRC cohorts. The analysis proceeds sequentially from raw data cleaning to
systems-level network analysis (WGCNA), functional enrichment, and machine learning.

19.2 18.2 Data Preprocessing and Harmonization

Scripts: 00_Data_preprocessing.Rmd, ©2a_ADNI_ADRC_harmonized.Rmd , ©2b_PCA_full.Rmd

The initial phase focused on ensuring data quality and comparability between cohorts.

Quality Control and Cleaning

Raw proteomic data often contains missing values and technical artifacts. * Missingness Filtering: Proteins with high
missingness (e.g., >20%) across samples were removed to ensure robust downstream analysis. * Sample Filtering: Samples
with incomplete core clinical metadata (Age, Sex, Diagnosis) were excluded.

Cross-Cohort Harmonization

To integrate the ADNI and ADRC datasets, which may have been processed at different times or sites, we applied harmonization
techniques to mitigate batch effects. * Batch Correction: Statistical methods were used to align the expression distributions of
shared proteins between the two cohorts, ensuring that biological signals were preserved while technical differences were
minimized.

Exploratory Data Analysis (PCA)

Principal Component Analysis (PCA) was performed on the harmonized data. * Variance Explained: We assessed the proportion
of variance captured by the top principal components. * Visualization: PCA plots allowed us to visualize the separation between
cohorts before and after harmonization, as well as to identify and remove potential outliers.

19.3 18.3 Network Construction (WGCNA)

Script: 63 _WGCNA _running.Rmd
Illustration of WGCNA Modules

We employed Weighted Gene Co-expression Network Analysis (WGCNA) to identify clusters (modules) of co-expressed proteins.
This systems biology approach moves beyond single-protein analysis to identify functional units.

Soft Thresholding

A key feature of WGCNA is soft thresholding. * Scale-Free Topology: We analyzed the scale-free topology fit index for various
powers (\(\beta\)). * Power Selection: We selected the lowest power \(\beta\) that resulted in a high scale-free topology fit (\(R"2
> 0.85\) or similar), ensuring the network reflects biological reality (few hubs, many peripheral nodes). * Adjacency Matrix: The
correlation matrix was raised to the power \(\beta\) (\(|correlation|~\beta\)) to create a weighted adjacency matrix, suppressing
weak correlations and emphasizing strong ones.
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Module Detection

Module Detection

» Topological Overlap Matrix (TOM): The adjacency matrix was converted into a TOM to measure the interconnectedness of
proteins.

* Hierarchical Clustering: We performed average linkage hierarchical clustering on the dissimilarity matrix (1-TOM).

* Dynamic Tree Cut: Modules were identified using the dynamic tree cut algorithm, which is capable of detecting nested
clusters.
Eigengene Calculation

For each module, we calculated the Module Eigengene (ME). The ME is the first principal component of the module's
expression matrix and serves as a synthetic representative profile for the entire module.

19.4 18.4 Functional Annotation and Enrichment

Scripts: 04 _Functional Analysis.Rmd, ©7a_Functional Analysis_GSEA.Rmd, 07b_Functional_Analysis_ORA.Rmd

To understand the biological significance of the identified modules, we performed enrichment analyses.

Over-Representation Analysis (ORA)

* Method: We used hypergeometric testing to determine if specific Gene Ontology (GO) terms or KEGG pathways were present
in a module more often than expected by chance.

* Databases: GO (Biological Process, Molecular Function, Cellular Component), Reactome, and KEGG.

Gene Set Enrichment Analysis (GSEA)

* Ranked Lists: Proteins were ranked based on their correlation with clinical traits or module membership.

¢ Enrichment: We performed GSEA to identify coordinated pathway alterations that might not be detected by ORA alone, as it
considers the entire ranked list rather than a fixed threshold.

19.5 18.5 Module Scoring and Feature Selection
Script: 05 Module Scoring_Selection.Rmd
We evaluated the predictive power of the identified modules and selected key features for modeling.

* Module Scores: Composite scores were calculated for each module (e.g., average expression or eigengene value) to relate
module activity to clinical traits.

* Hub Identification: We calculated Module Membership (kME), which is the correlation between a protein's expression and
the module eigengene. Proteins with high kME are considered "hubs" and are likely drivers of the module's biological function.

19.6 18.6 Machine Learning for Biomarker Discovery

Script: 06_ADNI_ADRC_ML.Rmd

We trained machine learning models to predict AD status and clinical outcomes using the identified proteomic signatures.

Model: Elastic Net Regularized Regression

We utilized the Elastic Net algorithm ( glmnet package), which combines L1 (Lasso) and L2 (Ridge) penalties. This is particularly
effective for omics data where features (proteins) are correlated.
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Workflow

Workflow

1. Data Splitting: The dataset was split into training (e.g., 70%) and testing (e.g., 30%) sets using createbataPartition from the
caret package to ensure balanced class distributions.

2. Feature Scaling: Features were centered and scaled (Z-score) to ensure equal contribution to the model.

3. Cross-Validation: We performed k-fold cross-validation (e.g., 5-fold) on the training set to optimize the regularization parameter (\
(\lambda\)).

4. Performance Evaluation: The final model was evaluated on the held-out test set using metrics such as AUC (Area Under the
ROC Curve), Sensitivity, and Specificity.

# Example: Elastic Net Training with Caret and Glmnet
cv_fit <- cv.glmnet(

X = as.matrix(X_train),

y = y_train,

family = "binomial",

alpha = 0.5, # Elastic Net mixing parameter

nfolds = 5
)

best_lambda <- cv_fit$lambda.min

19.7 17.7 Robustness and Sensitivity Analysis

Script: 08_Supplementary_analysis_v3.Rmd

A critical component of this study was validating the findings. We performed rigorous sensitivity analyses to ensure the results
were robust and reproducible.

Module Preservation

We tested whether modules discovered in the ADNI cohort were preserved in the independent ADRC cohort using the
modulePreservation function from WGCNA. This generates a Z-summary statistic; a Z-summary > 10 indicates strong evidence of
preservation.

Adjusted Regression Models

To isolate specific signals (e.g., vascular contributions) from general AD pathology, we ran adjusted regression models controlling
for covariates such as Age, Sex, and APOE genotype.

# Example: Running Module Preservation (ADNI as Reference)
multiExpr_Recip <- list(

ADNI = list(data = expr_ADNI),

ADRC = list(data = expr_ADRC)
)

pres <- modulePreservation(
multiExpr_Recip,
multiColor = multiColor_Recip,
referenceNetworks = 1
nPermutations = 500,
networkType = "signed",
randomSeed = 123

19.8 Summary
This pipeline transforms raw proteomic data into biologically meaningful modules. By following these four steps—Preprocessing,

Network Construction, Module Detection, and Trait Correlation—we identify systems-level protein signatures associated with
Alzheimer's Disease.
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19.9 17.8 Reproducibility and Data Sharing

19.9 17.8 Reproducibility and Data Sharing

For clinical and translational research, reproducibility is paramount. Best practices:

* R environment management: Use renv to pin package versions for complete reproducibility.
* Session documentation: Export sessioninfo() and parameter files at the end of each analysis.

* Data deposition: When possible, deposit processed expression matrices (e.g., GEO) and network results with methods
metadata.

* Validation strategy: Where feasible, repeat key modules in an independent cohort and report module preservation Z-scores.

Publishing reproducible R Markdown notebooks (or targets pipelines) ensures other researchers can verify and extend your
findings.
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20. Chapter 19: Interactive Visualization of WGCNA Results
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20.1 19.1 Visualizing WGCNA Results

While static plots are useful, WGCNA generates a wealth of data that is best explored interactively. In this chapter, we build a
Shiny dashboard to explore the network analysis results from Chapter 18.

20.2 19.2 Dashboard Structure

Interactive R Shiny Dashboard

. https://myapp.shinyapps.io/bioinformatics

Gene Expression Explorer

Try the interactive module-trait heatmap demo here: BB ETS A AR YL C{OINVW 5 [X:1011 1))

We will use shinydashboard to organize the results into three main tabs: 1. Network Topology: Visualizing the soft thresholding
and scale-free fit. 2. Module Detection: Exploring the dendrogram and module assignment. 3. Module-Trait Relationships:

An interactive heatmap correlating modules with clinical variables.

20.3 19.3 Bioinformatics in Action: The Shiny App

Here is the structure of the app.rR file designed to visualize WGCNA outputs.
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)

dashboardHeader (title = "WGCNA Results Viewer"),

dashboardSidebar (
sidebarMenu(

menuItem("Network Topology", tabName = "topology", icon = icon('"chart-line")),

menuItem("Dendrogram", tabName = "dendro", icon = icon("tree")),
menuItem("Module-Trait Heatmap", tabName = "heatmap", icon = icon("th"))
)
)

dashboardBody (
tabItems(
# Tab 1: Topology
tabItem(tabName = "topology",
h2("Scale-Free Topology Fit"),
plotOutput("sftPlot")),

# Tab 2: Dendrogram

tabItem(tabName = "dendro",
h2("Clustering Dendrogram"),
plotOutput("dendroPlot", height = "600px"))

# Tab 3: Heatmap
tabItem(tabName = "heatmap",
h2("Module-Trait Relationships"),
plotOutput("heatmapPlot", height = "800px"))
)
)

# 2. Server Logic

S

b

}

erver <- function(input, output) {

# In a real deployment, load the pre-computed RData from the pipeline
# load("wgcna_results.RData")

output$sftPlot <- renderPlot({
# Placeholder for the Scale-Free Topology Plot generated in Step 2

plot(1:10, type="n", xlab="Soft Threshold (power)", ylab="Scale Free Topology Model Fit,signed RA2", main

text(1:10, 1:10, labels=1:10, col="red")
abline(h=0.90, col="red")
)]

output$dendroPlot <- renderPlot({
# Placeholder for the Dendrogram generated in Step 3

20.4 Summary

= "Scale independence")

# plotDendroAndColors(geneTree, dynamicColors, "Dynamic Tree Cut", dendroLabels = FALSE, hang = 0.03, addGuide = TRUE, guideHang = 0.05)

plot(1:10, main = "Gene Dendrogram and Module Colors")

1)

output$heatmapPlot <- renderPlot({
# Placeholder for the Heatmap generated in Step 4

# labeledHeatmap(Matrix = moduleTraitCor, xLabels = names(clinical_traits), ylLabels = names(MEs), ySymbols = names(MEs), colorLabels = FALSE, colors =
luewhiteRed(50), textMatrix = textMatrix, setStdMargins = FALSE, cex.text = 0.5, zlim = c(-1,1), main = paste('"Module-trait relationships"))

image(1:10, 1:10, matrix(1:100, nrow=10), main = "Module-Trait Correlation Heatmap")

1)

20.4 Summary

By building an R Shiny app, we transformed static analysis results into a dynamic tool for discovery. This allows domain experts

to interact with the data directly, fostering better collaboration between bioinformaticians and clinicians.

20.5 19.4 Deployment and Packaging Options

Options for making interactive results accessible:

* Shiny Server / shinyapps.io: Host Shiny apps for live, server-rendered interactivity (requires active R session).

» Static HTML widgets: Use htmlwidgets (e.g., plotly, DT ) embedded in R Markdown HTML reports for zero-dependency

sharing.

Pre-computed RData: Package pre-computed .Rpata or .rds files so the app loads instantly without re-running analyses.

Choose the approach that fits your audience; for broad dissemination, static HTML reports with embedded widgets are often

ea

siest to share.
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21. Chapter 20: Multiomics Data Integration
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21.1 20.1 The Power of Integration

Biological systems are complex and multilayered. A single "omic" layer—whether it's the genome, transcriptome, proteome, or
metabolome—provides only a partial snapshot of the organism's state. Multiomics data integration combines these distinct
layers to construct a holistic view of biological processes, revealing interactions and regulatory mechanisms that would be

invisible in isolation.

Multi-Omics Integration

Omics Layers Integration Strategies

GENOMICS Early Integration Late Integration
Variants, Mutations i
DNA: WGS, WES, SNP arrays, CNV. Concatenate matrices Analyze separately
Joint preprocessing Combine results
A Transcription e.g., PCA on merged data ) e.g., Meta-analysis )
T ) )
RANSCRIPTOMICS Gene Expression Intermediate ML Methods
RNA: RNA-seq, microarray, SCRNA-se: .
a M a Shared latent factors Deep learning, VAE
A Translation Network-based Random forest
e.g., MOFA, SNF q Feature selection )

* PROTEOMICS
Proteins: MS, protein arrays, RPPA

Tools & Methods

RIBioconductor: mixOmics, MOFA2, MultiAssayExperiment

Python: Scanpy, MEFISTO, Muon, scvi-tools

Additional Omics Layers
Methods: CCA, PLS-DA, WGCNA, SNF, NMF, DIABLO

EPIGENOMICS

DNA methylation
ChIP-seq, ATAC-seq

METABOLOMICS

Small molecules
LC-MS, NMR

MICROBIOME

16S rRNA, Shotgun

Metagenomics

21.2 20.2 Challenges in Integration

Integration Outcomes

Identify multi-omic biomarkers

Integrating these datasets is not straightforward due to: * Heterogeneity: Different data types (counts for RNA-Seq, intensities

for Proteomics) have different distributions and noise profiles. * Dimensionality: The "Curse of Dimensionality" (\(p \gg n\)) is
exacerbated when stacking datasets. * Missing Data: Samples might be missing from one layer but present in another.

21.3 20.3 Integration Strategies

There are three main approaches to integration:

1. Early Integration (Concatenation)

Method: Concatenate matrices from different omics into one large matrix.



2. Late Integration (Ensemble)

* Pros: Simple to implement.

* Cons: Ignores the specific statistical properties of each data type; larger datasets can dominate the signal.

2. Late Integration (Ensemble)

* Method: Analyze each omic layer separately (e.g., differential expression) and combine the lists of significant features or p-
values at the end.

* Pros: Easy to interpret; respects individual data distributions.

* Cons: Misses correlations between layers (e.g., a gene is upregulated, but its protein is degraded).

3. Intermediate Integration (Joint Dimension Reduction)

* Method: Use mathematical techniques to find latent variables (factors) that explain variance across multiple views
simultaneously.

* Tools: MOFA+ (Multi-Omics Factor Analysis), mixOmics (sPLS, DIABLO).

* Pros: Captures co-variation between layers; handles missing data well (MOFA).

21.4 20.4 Bioinformatics in Action: Multiomics with mixOmics (R)

Let's demonstrate an intermediate integration using the R package mixomics . We will use sparse Partial Least Squares (sPLS) to
find correlated features between Transcriptomics (mRNA) and Proteomics data.

library(mixOmics)

# Simulated Data

# X: Transcriptomics (50 samples x 1000 genes)

# Y: Proteomics (50 samples x 500 proteins)

data(liver.toxicity)

X <- liver.toxicity$gene

Y <- liver.toxicity$clinic # Using clinical data as proxy for a second omic layer for demo

# 1. Sparse PLS (sPLS)
# Selects 50 genes and 10 clinical variables that covary
result.spls <- spls(X, Y, ncomp = 2, keepX = c(50, 50), keepY = c(10, 10))

# 2. Visualization
# Plot samples in the integrated subspace
plotIndiv(result.spls, group = liver.toxicity$treatment$Dose.Group
pch = 16, ellipse = TRUE, legend = TRUE, title = 'sPLS: Genes vs Clinical')

# 3. Correlation Circle Plot
# Shows correlations between selected features from both datasets
plotvar(result.spls, cutoff = 0.7, title = 'Correlation Circle')

# 4. Network Visualization
# Visualizes the connections between the two layers
network(result.spls, comp = 1, cutoff = 0.6,

color.node = c("mistyrose", "lightcyan"),
shape.node = c("rectangle", "circle"))

21.5 20.5 The Future: Single-Cell Multiomics

The frontier of integration is at the single-cell level (e.g., CITE-seq, which measures RNA and surface proteins in the same cell).
Methods like Seurat v4 allow for the "anchoring" of datasets to transfer labels and infer relationships at cellular resolution.

21.6 Summary

Multiomics integration is the key to unlocking the genotype-phenotype map. By moving from single-layer analysis to integrated
models like MOFA or sPLS, we can discover robust biomarkers and mechanistic pathways that drive complex diseases.
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21.7 20.6 Batch Correction and Quality Control

21.7 20.6 Batch Correction and Quality Control

Integrating data from multiple labs or runs requires careful batch correction:

* ComBat / SVA: Standard methods for expression data; ComBat-seq for counts.
* Harmony / scVI: For single-cell data integration and label transfer.

* Caution: Always visualize before and after correction (PCA, UMAP) and avoid removing real biological signal.

21.8 20.7 Recommended Multiomics Workflow

. Harmonize sample IDs and metadata across layers.

. Perform QC and normalization per layer.

. Apply batch correction if needed.

. Run joint dimension reduction (MOFA+, mixOmics).

. Interpret factors biologically (enrichment, network mapping).

. Validate top features in independent cohorts or with orthogonal assays.

[End of Book]
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22. Glossary of Bioinformatics Terms

22. Glossary of Bioinformatics Terms

22.1A

* Accession Number: A unique identifier assigned to a specific record (sequence, structure, etc.) in a biological database.
* Algorithm: A step-by-step set of instructions for a computer to solve a problem.

¢ Alignment: The arrangement of two or more sequences to identify regions of similarity.

* Alpha Diversity: A measure of species diversity within a single sample (e.g., richness).

* AlphaFold: An Al system developed by DeepMind that predicts protein 3D structure from its amino acid sequence with high
accuracy.

* Amino Acid: The building block of proteins. There are 20 standard amino acids.

* Annotation: The process of identifying the locations of genes and all of the coding regions in a genome and determining what
those genes do.

* Assembly: The process of stitching together short DNA reads to reconstruct the original genome sequence.

22.2B

* Beta Diversity: A measure of the difference in species composition between two or more samples.
» Bioinformatics: The application of computational tools and statistics to analyze and interpret biological data.

* BLAST (Basic Local Alignment Search Tool): A widely used algorithm for comparing primary biological sequence
information.

22.3C

* Central Dogma: The framework describing the flow of genetic information: DNA \(\rightarrow\) RNA \(\rightarrow\) Protein.
* Chromosomes: Long DNA molecules with part or all of the genetic material of an organism.

* Codon: A sequence of three nucleotides that corresponds to a specific amino acid or stop signal during protein synthesis.

* Contig: A continuous sequence of DNA that has been assembled from overlapping reads.

* Coverage (Depth): The average number of times a nucleotide is represented by a sequenced read.

224D

* DEG (Differentially Expressed Gene): A gene that shows statistically significant differences in expression levels between
two conditions.

* DNA (Deoxyribonucleic Acid): The molecule that carries genetic instructions. Composed of Adenine (A), Thymine (T),
Cytosine (C), and Guanine (G).

* Docking: A computational method to predict the preferred orientation of one molecule to a second when bound to each other.

225E

* E-value (Expect Value): In BLAST, the number of hits one can "expect" to see by chance when searching a database of a
particular size. Lower E-values indicate more significant matches.

* Exon: The coding region of a eukaryotic gene.
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226 F

* FASTA: A text-based format for representing nucleotide sequences or peptide sequences, using single-letter codes.
* FASTQ: A text-based format for storing both a biological sequence and its corresponding quality scores.

* Frameshift Mutation: A genetic mutation caused by indels (insertions or deletions) of a number of nucleotides in a DNA
sequence that is not divisible by three.

22.7G

* Gene: A distinct sequence of nucleotides forming part of a chromosome, the order of which determines the order of monomers
in a polypeptide or nucleic acid molecule.

* Genome: The complete set of genes or genetic material present in a cell or organism.
* Global Alignment: An alignment of two sequences over their entire length (e.g., Needleman-Wunsch algorithm).

* GWAS (Genome-Wide Association Study): An observational study of a genome-wide set of genetic variants in different
individuals to see if any variant is associated with a trait.

22.8 H

* Homology: The existence of shared ancestry between a pair of structures or genes.

* Hub: A node in a network that has a significantly higher number of links than other nodes.

2291

e Indel: A term for an Insertion or Deletion of bases in the genome.

* Intron: A non-coding segment of a eukaryotic gene that is spliced out before translation.

22.10L

* Local Alignment: An alignment that identifies the most similar region within two sequences (e.g., Smith-Waterman
algorithm).

2211 M

* Mass Spectrometry (Mass Spec): An analytical technique that measures the mass-to-charge ratio of ions, used to identify
proteins and metabolites.

* Metabolomics: The scientific study of chemical processes involving metabolites, the small molecule substrates, intermediates,
and products of cell metabolism.

* Microbiomics: The study of microbial communities (microbiomes).

* MSA (Multiple Sequence Alignment): An alignment of three or more biological sequences.

22.12N

* N50: A statistic used to evaluate the quality of a genome assembly. It is the length of the shortest contig in the set of contigs
containing 50% of the total assembly length.

* NGS (Next-Generation Sequencing): High-throughput sequencing technologies that allow for sequencing of DNA and RNA
much more quickly and cheaply than Sanger sequencing.

* Node: A connection point in a network graph, representing a biological entity like a gene or protein.
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22.130

22.130

* ORF (Open Reading Frame): A continuous stretch of codons that has the potential to be translated into a protein (starts with
Start codon, ends with Stop codon).

22.14 P

* PDB (Protein Data Bank): A database for the three-dimensional structural data of large biological molecules, such as
proteins and nucleic acids.

* Pharmacogenomics: The study of how genes affect a person's response to drugs.

* Phred Quality Score: A measure of the quality of the identification of the nucleobases generated by automated DNA
sequencing.

* Phylogenetics: The study of the evolutionary history and relationships among individuals or groups of organisms.
* Protein: Large biomolecules and macromolecules that comprise one or more long chains of amino acid residues.

* Proteomics: The large-scale study of proteins.

22.15R

* Read: A sequence of base pairs generated from a single DNA fragment in sequencing.
* RNA (Ribonucleic Acid): A polymeric molecule essential in various biological roles. Uses Uracil (U) instead of Thymine (T).

* RNA-Seq: A technique used to analyze the transcriptome (gene expression) using NGS.

22.16 S

* Scaffold: A portion of the genome assembly consisting of contigs connected by gaps of known length.
* SNP (Single Nucleotide Polymorphism): A substitution of a single nucleotide at a specific position in the genome.
* Structural Variant (SV): Large-scale structural differences in the genomic DNA (e.g., inversions, translocations).

* Systems Biology: An approach to biology that focuses on complex interactions within biological systems (holism).

2217 T

* Transcriptome: The set of all RNA molecules in one cell or a population of cells.
» Transcription: The process of copying a segment of DNA into RNA.

» Translation: The process in which ribosomes in the cytoplasm or ER synthesize proteins after the process of transcription of
DNA to RNA.

22.18V

* VCF (Variant Call Format): A text file format used in bioinformatics for storing gene sequence variations.
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