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” Python does not replace biological knowledge. It amplifies it.”




Day 1 — Python & Bioinformatics: Why This Skill Matters

Technical Content

1. Concept: What is Python?
Python is a general-purpose programming language designed to be: readable, flexible, and easy to adapt to different
domains. Python itself is not biological.

What makes Python powerful in bioinformatics is how it is used: to represent biological data, automate biological
reasoning, and process large-scale biological datasets. Python does not replace biological knowledge. It amplifies it.

2. Why Bioinformatics Relies on Python

Modern biology generates data at a scale humans cannot analyze manually. Examples: DNA sequencing produces
millions of reads, RNA-seq yields expression values for thousands of genes, and multi-omics studies combine multiple
data types.

Bioinformatics needs a language that can: read biological files, manipulate sequences, apply logical rules, connect
multiple analysis steps, and remain readable and reproducible.

Python fits this role because it: handles text (sequences) naturally, supports structured data (annotations, metadata),
integrates with bioinformatics libraries, and acts as a “glue language” between tools and workflows. That is why
Python appears everywhere in modern bioinformatics pipelines.

3. Biological Focus: Python as a Way to Reason About Biology

Python is not just used to write code in bioinformatics. It is used to think computationally about biology.

For example: A DNA sequence becomes a sequence of characters, a gene becomes an identifier linked to information,
a biological decision becomes a logical condition, and a dataset becomes a collection of related biological entities.

This means Python allows you to: ask biological questions precisely, test assumptions programmatically, and repeat
analyses consistently. Without this computational reasoning, bioinformatics becomes guesswork.

4. Practice: Setting Up and Running Your First Biological Script

Step 1: Install Python

e Install Python (version 3.x)
e Verify installation by opening a terminal or command prompt
e Run: python --version

Step 2: Write Your First Python Script Create a new file called: dayl bioinformatics.py Add the following
code:

dna_sequence = "ATGCGTAC"
print (dna_sequence)

Run the script.
Step 3: Modify the Biological Data Change the sequence:

dna_sequence = "ATGAACTGCA"
print (dna_sequence)

Run it again.

Observe: Python does not care what the sequence means. You decide what the sequence represents biologically. This
separation is critical: Python executes instructions. Bioinformatics interpretation comes from the scientist.

5. What You Just Learned (Even If It Feels Simple)

Even this small exercise introduces key bioinformatics ideas:

e Biological data can be represented computationally



e Python treats sequences as data objects
e Changing biological input changes computational output
e Code correctness # biological correctness

These ideas will grow more important as datasets get larger.

6. Common Beginner Misunderstanding

“This feels too basic to be bioinformatics.” Reality: Every bioinformatics pipeline starts with simple data representa-
tion. Complex workflows are built from simple, correct foundations. Skipping this stage leads to fragile understanding
later.

Explanation

Day 1 — Python & Bioinformatics: Why This Skill Matters

Hey biologists! Over the next 20 days, I'll be sharing daily lessons to help you learn Python from scratch — specifically
for bioinformatics and biological data analysis. No prior coding experience needed. Just curiosity and a willingness to
learn.

What you’ll learn today: What Python is and why it fits biology so well Why bioinformatics relies on Python
(millions of DNA reads, RNA-seq, multi-omics) How Python helps you think computationally about biological prob-
lems Your first biological script — writing and modifying a DNA sequence Key takeaways even from a simple exercise
A common beginner misconception (spoiler: simple useless)

The core idea: Python does not replace biological knowledge. It amplifies it.
Python executes instructions. Bioinformatics interpretation comes from YOU — the scientist.

Your first code: dna_sequence = " " then print(dna_sequence). Then modify to dna_sequence =

Simple? Yes. Powerful? Absolutely. Every complex bioinformatics pipeline starts with simple, correct foundations
like this.
Swipe to see the full Day 1 guide.

Share this with a biologist friend who wants to learn Python!



Day 2 — Biological Meaning Before Code

Technical Content

1. Concept: Variables & Data Types

In Python, variables store data. A variable is simply a name that points to a value in memory. Example: x = 10.
From a programming perspective, this is trivial. From a bioinformatics perspective, this is dangerous if biological
meaning is ignored. Because in bioinformatics: variables are not abstract containers; they represent real biological
entities. Understanding what the data represents is more important than how Python stores it.

2. Biological Focus: Data Always Represents Biology
In bioinformatics, data is never meaningless. Examples: A string may represent a DNA sequence, a number may
represent a genomic position, a float may represent a score, probability, or expression level.

Python does not understand biology. It will happily accept: wrong units, wrong data types, and biologically invalid
values. The responsibility of correctness lies with you. This is why many beginners say: “My code runs, but my results
don’t make sense.” The issue is rarely Python. It is usually biological interpretation at the data level.

3. Python Data Types Through a Biological Lens

Strings (str): In Python, strings represent text. In bioinformatics, strings often represent DNA sequences, RNA
sequences, protein sequences, or gene/transcript IDs. Example:

dna_sequence = "ATGCGTAC"
gene_name = "TP53"

These are not just text. They encode biological meaning.

Integers (int): Integers represent whole numbers. In bioinformatics, they often represent genomic positions, base
counts, read numbers, or exon lengths. Example: start_position = 120

Floating-point numbers (float): Floats represent decimal values. In bioinformatics, they often represent expression
levels, scores, probabilities, or alignment metrics. Example: alignment score = 98.7

4. Practice: Storing Biological Data Correctly
Create a Python file: day2 biological data.py Add the following code:

dna_sequence = "ATGCGTAC"

gene_name = "TP53"

expression_score = 12.5

print("Gene name:", gene_name)

print ("DNA sequence:", dna_sequence)

print ("Expression score:", expression_score)

Run the script.
Modify the Data Now: change the DNA sequence, change the gene name, and change the score. Run again.

Observe: Python does not validate biological correctness. It prints whatever you give it. This means biological
validation must come from you.

5. Why This Matters in Real Pipelines

In real bioinformatics workflows: a wrong gene ID propagates errors, a score misinterpreted changes conclusions, a
sequence treated as generic text leads to faulty logic. Python will not warn you. Silent errors are the most dangerous
kind of errors in bioinformatics. Strong biological thinking at the variable and data-type level prevents these failures.



6. Common Beginner Trap

“If Python accepts it, it must be correct.” Reality: Python checks syntax. Biology checks meaning. Correct syntax
with incorrect biological meaning is still wrong science.

Explanation

Day 2 — Biological Meaning Before Code: Why Python Won’t Save You from Bad Biology

Welcome back to my 20-day Python short course for biologists!

Yesterday we wrote our first DNA sequence script. Today we go deeper — into something most beginners overlook.
The hard truth:

Python does NOT understand biology. It will happily accept: Wrong units Wrong data types Biologically invalid
values

The issue is rarely Python. It’s biological interpretation at the data level.

What you’ll learn today: Variables — not abstract containers, but real biological entities Strings — DNA
sequences, RNA, proteins, gene IDs ( ) Integers — genomic positions, base counts, read numbers Floats —
expression scores, probabilities, alignment metrics Why ”my code runs but results don’t make sense” happens Silent
errors — the MOST dangerous errors in bioinformatics

Your code for today: dna_sequence = " "

gene name = "TP53"

expression_score = 12.5

Then modify it — change the sequence, gene name, and score.

Observe: Python prints whatever you give it. No biological validation. That responsibility is YOURS.
The biggest lesson: Python checks syntax. Biology checks meaning.

Correct syntax + wrong biological meaning = still wrong science.

Never fall into the trap: ”If Python accepts it, it must be correct.”

Swipe to see the full Day 2 guide.

Tag a biologist who needs to hear this!



Day 3 — Strings as Biological Sequences

Technical Content
1. Concept: Strings, Indexing & Slicing

In Python, a string is an ordered sequence of characters. Example: text = "HELLO". From a programming perspective,
this is simple text. From a bioinformatics perspective, this structure is powerful — because biological sequences are
also ordered. DNA, RNA, and protein sequences have: a defined order, biological meaning tied to position, and
functional consequences if order changes. Python strings map naturally to biological sequences.

2. Biological Focus: Sequences Are Ordered Entities

A DNA sequence is not just a collection of bases. The order matters. Example: ATG — start codon, TGA — stop
codon. Same letters. Different order. Completely different biological meaning. This is why treating sequences as
ordered strings is biologically correct. Python does not know this. You do.

3. Indexing: Accessing Individual Bases
In Python, indexing lets you access a single character from a string. Example:

dna = "ATGCGTAC"
dna[0] Returns: A°

Biological meaning: You are accessing a specific nucleotide at a specific position.
Important detail:

e Python uses 0-based indexing
e Biology often uses 1-based numbering

This difference is a major source of beginner errors. When you write dna[0], biologically, you are accessing position
1. You must always be aware of this translation.
4. Practice: Extract Specific Bases
Create a file: day3 strings sequences.py Add:
dna = "ATGCGTAC"
print ("First base:", dnal[0])

print ("Third base:", dna[2])
print("Last base:", dnal[-1])

Run the script. Now change the sequence and rerun. Notice: Python behavior stays the same; biological interpretation
changes with the sequence.
5. Slicing: Extracting Sub-sequences
In Python, slicing extracts a portion of a string. Example: dna[0:3]. This returns ’ATG’. Biological meaning: You
just extracted a codon. This is not a programming trick. This is a biological operation.
6. Practice: Slice a Subsequence
Add to your script:
codon = dnal0:3]
middle_region = dnal[2:6]

print("Codon:", codon)
print("Middle region:", middle_region)

Change the slice positions. Observe how biological meaning changes.



7. Sequence Length: Measuring Biological Size

In Python: len(dna) returns the number of characters. Biological meaning: sequence length, exon size, read length,
fragment size.

8. Practice: Calculate Sequence Length

Add:
print ("Sequence length:", len(dna))

Now test with shorter sequences and longer sequences. This is the same operation used to filter reads, check gene
lengths, and validate sequences.

9. Why This Matters in Real Bioinformatics
Indexing and slicing are used to: extract genes from genomes, trim sequencing reads, isolate motifs, and analyze codons
and domains. They are core biological operations, not optional Python features.

When people say: “Indexing isn’t used in bioinformatics” — what they really mean is: “They don’t realize they’re
doing biology when they use it.”

Explanation

Day 3 — Strings as Biological Sequences: Why Order Matters in DNA
Welcome back to my 20-day Python short course for biologists!
Yesterday we learned that Python doesn’t validate biology. Today we discover something powerful — Python strings
map perfectly to DNA, RNA, and protein sequences.
The core insight:
A DNA sequence is NOT just a collection of bases. The order matters.
— Start codon — Stop codon

Same letters. Different order. Completely different biological meaning. Python strings preserve order. That’s why
they are perfect for bioinformatics.

What you’ll learn today: Strings — ordered sequences of characters Indexing — accessing individual bases
(dna[0] = first base) O0-based indexing (Python) vs 1-based numbering (Biology) — major beginner trap! Slicing
— extracting codons, genes, and motifs Sequence length — measuring biological size Why indexing/slicing are core
biological operations

Your code for today: dna = " "
print("First base:", dna[0]) # Returns A’
print("Third base:", dna[2]) # Returns ’G’
print("Last base:", dnal[-1]) # Returns ’C’
codon = dna[0:3] # Returns ’ ’

print ("Sequence length:", len(dna))

The Beginner Trap: Python uses 0-based indexing. Biology uses 1-based numbering. When you write dnal[0],
biologically you are accessing position 1. Always be aware of this translation. It’s a major source of beginner errors.

Why This Matters in Real Bioinformatics: Indexing and slicing are used to: extract genes from genomes, trim
sequencing reads, isolate motifs, and analyze codons and domains. These are core biological operations, not optional
Python features.

When someone says: ”Indexing isn’t used in bioinformatics” — what they really mean is: ”"They don’t realize they’re
doing biology when they use it.”

Swipe to see the full Day 3 guide.

Tag a biologist who needs to understand why sequence order matters!



Day 4 — Handling Multiple Sequences: Lists & Tuples

Technical Content

1. Concept: Lists vs Tuples in Python

In Python, lists and tuples are used to store multiple values. From a syntax perspective:

e Lists use square brackets []
e Tuples use parentheses ()

But in bioinformatics, the choice between them is not cosmetic — it reflects biological meaning.

2. Biological Focus: Bioinformatics Works With Collections

Real bioinformatics almost never works with a single sequence. We work with: multiple sequencing reads, gene families,
transcript isoforms, samples across conditions, and sets of results generated by analysis steps. These are biological
collections, and Python gives us structures to represent them.

3. Lists: Biological Collections That Change

A Python list is mutable, meaning its contents can be changed. Example:
sequences = ["ATGCGT", "GGCCTA", "TTAGGC"]

Biological meaning: A list represents a collection of biological data that may change during analysis. Examples:
reads being filtered, sequences being trimmed, results being appended step-by-step. Python allows this flexibility
because real biological processing is iterative.
4. Practice: Store Multiple Sequences in a List
Create a file: day4 lists tuples.py Add:

sequences = ["ATGCGT", "GGCCTA", "TTAGGC"]

print ("Original sequences:")

print (sequences)

sequences.append ("CCGTA")

print ("After adding a new sequence:")
print (sequences)

What just happened biologically? You expanded your dataset — exactly what happens when new reads pass
quality filtering or additional samples are added.

5. Tuples: Fixed Biological Records

A Python tuple is immutable, meaning it cannot be changed after creation. Example:
gene_record = ("TP53", "ATGCGTACGTT")

Biological meaning: Tuples represent fixed biological records. Examples: (gene_id, sequence), (chromosome, start,
end), (sample_id, condition). These records should not be altered accidentally during analysis.

6. Practice: Create a Tuple for a Gene Record
Add to your script:



gene = ("TP53", "ATGCGTACGTT")

print ("Gene record:")

print (gene)

gene[1] = "ATGAAA"  This will cause an error

Run the script. Observe: Python raises an error. This is not a limitation — it’s protection.

7. Why Mutability Matters in Biology

Many beginner pipelines fail silently because: metadata is accidentally modified, gene identifiers get overwritten, or
coordinate systems shift without warning. Python allows changes. Biology often does not. Choosing tuples for fixed
biological facts prevents accidental corruption of meaning.

8. Practice: Lists + Tuples Together
Add:

genes = [
("BRCA1", "ATGAAA"),
("TP53", "ATGCCC"),
("EGFR", "ATGGGG")

]

print ("Gene dataset:")

print(genes)

Here: the list can grow or shrink, and each gene record remains biologically stable. This structure appears everywhere
in real bioinformatics workflows.

Explanation

Day 4 — Lists & Tuples: Handling Multiple Sequences
Welcome back to my 20-day Python short course for biologists!

Today we move beyond single sequences. Real bioinformatics almost NEVER, works with just one DNA sequence. We
work with collections — multiple reads, gene families, transcript isoforms, and samples across conditions.

Python gives us two powerful tools to handle these collections: Lists and Tuples.
The key insight: The choice between lists and tuples is NOT cosmetic. It reflects biological meaning.

Today’s Tools: LIST [ ] — Mutable (can change) Used for: Reads being filtered, sequences trimmed, results
appended Biological meaning: Collections that CHANGE during analysis

TUPLE ( ) — Immutable (cannot change) Used for: Fixed records like (gene_id, sequence), (chromosome, start, end)
Biological meaning: Fixed records that MUST stay stable

What you’ll learn today: Lists — biological collections that change during analysis Tuples — fixed biological
records that should never be altered Why mutability matters in biology (silent errors are dangerous!) How to store
multiple sequences How to create gene records that remain biologically stable Lists + Tuples together — the structure
used in real bioinformatics workflows

Practice Exercises (Try on your computer):

Exercise 1: Store Multiple Sequences in a List Create a list with three DNA sequences: 7ATGCGT”, ”"GGCCTA”,

"TTAGGC” Print the list to see all sequences Add a new sequence ”CCGTA” to your list Print the list again

What just happened biologically? You expanded your dataset — exactly what happens when new reads pass quality

filtering or additional samples are added to your analysis.

Exercise 2: Create a Tuple for a Gene Record Create a tuple with gene name ” TP53” and sequence ” ATGCGTACGTT”
Print the gene record Try to change the sequence to " ATGAAA”

What happens? Python raises an error. This is not a limitation — it’s protection. Your biological record stays safe
from accidental modification.



Exercise 3: Lists + Tuples Together (Real Bioinformatics!) Create a list called "genes” containing three
tuples: - ("BRCA1”,” ”) - ("TP53”,” ") - P’EGFR”,” ”) Print the gene dataset

Why this matters: The list can grow or shrink as you add or remove genes, but each individual gene record remains
biologically stable.

Why Mutability Matters in Biology Many beginner pipelines fail silently because: - Metadata is accidentally
modified - Gene identifiers get overwritten - Coordinate systems shift without warning

Python allows changes. Biology often does not. Choosing tuples for fixed biological facts prevents accidental corruption
of meaning.

The Bottom Line: List .append() = New reads passed quality filtering List .remove() = Low-quality reads discarded
Tuple immutability = Prevents accidental corruption of gene IDs

This structure appears everywhere in real bioinformatics workflows.
Swipe to see the full Day 4 guide.

Tag a biologist who needs to learn how to handle multiple sequences!
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Day 5 — Dictionaries as Biological Mappings

Technical Content

1. Concept: Key—Value Structures in Python

A dictionary in Python stores data as key—value pairs. Example: dict = {"A": 1, "B": 2}. From a programming
view: keys — identifiers, values — associated information. From a bioinformatics view: keys — biological entities,
values — biological meaning. This structure is not optional in bioinformatics — it is foundational.

2. Biological Focus: Biology Is Relational

Most biological knowledge is relational, not sequential. Examples: codon — amino acid, gene ID — gene name, gene
— function, sample — metadata, transcript — expression value. These are mappings, not lists and not strings. Python
dictionaries represent this biological reality exactly.

3. Codon Tables as Dictionaries

A codon table is a perfect dictionary example. Example: ATG — ”Methionine”, TAA — ”Stop”. Each codon has: a
unique identity and a specific biological meaning. Order does not matter. The relationship does.

4. Practice: Build a Codon — Amino Acid Dictionary

Create a file: day5 dictionaries biology.py Add:

codon_table = {

"ATG": "Methionine",
"TTT": "Phenylalanine",
"TTC": "Phenylalanine",
HTAAII: llStopll’

HTAGII : llStOpll s

HTGAII . llStopll

}

print("Codon table:")
print (codon_table)

This dictionary now encodes biological knowledge.

5. Retrieving Biological Meaning
To retrieve information:

codon = "ATG"

amino_acid = codon_table[codon]

print("Codon:", codon)
print("Amino acid:", amino_acid)

Biological meaning: You translated genetic information into functional meaning. This is exactly how translation,
annotation, and interpretation pipelines work.

6. Practice: Translate a Codon List
Add:

codon_list = ["ATG", "TTT", "TAA"]
for codon in codon_list:
print(codon, "-", codon_table[codon])

11



Now try: changing codons, adding new mappings, removing a codon and observing errors. Errors here are biologically
meaningful — they often indicate unknown or invalid data.

7. Dictionaries for Annotations & Metadata

Dictionaries are used everywhere in real workflows:

gene _annotation = {
"gene_id": "TP53",
"chromosome": "17",
"start": 7668402,
"end": 7687550,
"strand": "+"

This mirrors: GTF/GFF attributes, sample metadata tables, analysis configuration files.

8. Why Dictionaries Are Non-Negotiable
Many beginner pipelines break because: relationships are flattened into lists, metadata loses meaning, and values are
accessed by position instead of identity.

Lists answer: “What comes next?” Dictionaries answer: “What does this belong to?” Biology almost always asks
the second question.

Explanation
Day 5 — Dictionaries as Biological Mappings
Welcome back to my 20-day Python short course for biologists!

Today we learn about one of the most important structures in bioinformatics — dictionaries. If you only master one
Python data structure for biology, make it the dictionary.

The key insight: Biology is relational, not just sequential. Most biological knowledge answers the question: ”What
does this belong to?” not ”What comes next?”

Examples of biological mappings: Codon — Amino Acid ( — Methionine) Gene ID — Gene Name (TP53
— Tumor Protein 53) Gene — Function (BRCA1 — DNA repair) Sample — Metadata (Sample_01 — Tumor tissue)
Transcript — Expression (Gene X — 125.6 TPM)

Python dictionaries represent these relationships exactly.

Today’s Tool: DICTIONARY — Key-Value pairs e Keys — biological entities (codon, gene ID, sample name) o
Values — biological meaning (amino acid, function, metadata) ¢ Order does NOT matter. The relationship does.

What you’ll learn today: How dictionaries store biological relationships Why biology is relational, not sequential
Codon tables as perfect dictionary examples How to retrieve biological meaning from a dictionary Why dictionaries
are used for annotations and metadata The difference between lists and dictionaries

Practice Exercises (Try on your computer):

Exercise 1: Build a Codon to Amino Acid Dictionary Create a dictionary that maps: - — Methionine -
— Phenylalanine - — Phenylalanine - — Stop - — Stop - — Stop Print your codon table

What just happened? You encoded biological knowledge into Python. This dictionary now represents real genetic code
translation.

Exercise 2: Retrieve Biological Meaning Take your codon dictionary. Look up the codon . Print what amino
acid it maps to.

Biological meaning: You just translated genetic information into functional meaning. This is exactly how translation
pipelines work!

Exercise 3: Store Gene Annotations Create a dictionary for a gene containing: - gene_id: TP53 - chromosome:
17 - start: 7668402 - end: 7687550 - strand: + Print the annotation

Why this matters: This structure mirrors real bioinformatics file formats like GTF/GFF attributes, sample metadata
tables, and analysis configuration files.
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Why Dictionaries Are Non-Negotiable in Bioinformatics Many beginner pipelines break because: - Relation-
ships are flattened into lists - Metadata loses its meaning - Values are accessed by position instead of identity

Lists answer: ”What comes next?” Dictionaries answer: ”What does this belong to?” Biology almost always asks
the second question.

Without dictionaries, you cannot: Map codons to amino acids Look up gene functions Store sample metadata
Connect sequence to meaning

Swipe to see the full Day 5 guide.

Tag a biologist who needs to understand biological mappings!
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Day 6 — Conditionals & Biological Decisions

Technical Content
1. Concept: if / else Logic in Python
In Python, conditionals allow a program to make decisions. Basic structure:
if condition:
do_something

else:
do_something_else

From a programming view: the code follows different paths. From a bioinformatics view: biological data is accepted,
rejected, or classified. This logic is at the heart of every analysis pipeline.

2. Biological Focus: Bioinformatics Is Full of Decisions

Real biological data is not automatically usable. We constantly make decisions such as: Is this read long enough?
Does this sequence meet quality criteria? Is this gene expressed above a threshold? Should this variant be filtered
out? These are biological judgments encoded as logical conditions. Python does not decide. You decide. Python
only executes the rules you define.

3. Thresholds as Biological Meaning
A threshold is not just a number. Examples: minimum read length, minimum quality score, minimum coverage,
expression cutoff. Choosing a threshold is a biological decision, not a Python one.
4. Practice: Check Sequence Length Against a Threshold
Create a file: day6_conditionals biology.py Add:

sequence = "ATGCGTACGTTAGC"

min_length = 10

if len(sequence) >= min length:

print("Sequence is long enough for analysis")

else:
print("Sequence is too short and will be filtered out")

Run the script. Change the sequence and the threshold. Observe how biological decisions change.

5. Flagging Sequences as ”Short” or ”Long”

Add:

sequence = "ATGCGTAC"
threshold = 12

if len(sequence) < threshold: status = "short"
else: status = "long"

print("Sequence length:", len(sequence))
print("Status:", status)

Biological meaning: You just implemented a filtering step. This logic appears in read trimming, QC pipelines, and
preprocessing workflows.

6. Practice: Multiple Sequences, Multiple Decisions

Extend your script:
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sequences = ["ATGC", "ATGCGTAC", "ATGCGTACGTTAGC"]
threshold = 8
for seq in sequences:
if len(seq) >= threshold: print(seq, "= accepted")
else: print(seq, "= filtered out")

This is now behaving like a mini pipeline.

7. Why Conditionals Matter in Real Pipelines

Pipelines are not linear scripts. They are: decision trees, rule-based filters, logic-driven workflows. Many beginner
scripts fail because: thresholds are hardcoded without biological reasoning, conditions are applied blindly, and filtering
decisions are not documented. Python makes it easy to write conditions. Bioinformatics requires you to
justify them.

Explanation

Day 6 — Conditionals & Biological Decisions
Welcome back to my 20-day Python short course for biologists!

Today we learn about conditionals — how Python makes decisions. But here’s the crucial truth: Python doesn’t
decide anything. You do. Python only executes the rules you define.

The key insight: Real biological data is not automatically usable. We constantly make decisions:

Is this read long enough? — Accept or Reject Does this sequence meet quality criteria? — Keep or Filter Is this
gene expressed above threshold? — Include or Exclude Should this variant be filtered out? — Retain or Remove

These are biological judgments encoded as logical conditions.

Today’s Tool: IF / ELSE Conditionals — Decision making e If condition is true — do something e Else (condition
is false) — do something else

Python does not decide. YOU decide. Python only executes the rules you define.

What you’ll learn today: How conditionals enable biological decision making Why thresholds are biological
meaning, not just numbers How to check sequence length against a threshold How to flag sequences as ”short” or
”long” How to process multiple sequences with multiple decisions Why conditionals are at the heart of every analysis
pipeline

Practice Exercises (Try on your computer):

Exercise 1: Check Sequence Length Against a Threshold Create a sequence: ”"ATGCGTACGTTAGC” Set a mini-
mum length threshold of 10 Write a condition that checks: - If length ;= threshold — ”Sequence is long enough for
analysis” - Else — ”Sequence is too short and will be filtered out”

Run it. Then change the sequence. Change the threshold. Observe how biological decisions change.
What just happened? You implemented your first quality control filter!

Exercise 2: Flag Sequences as ”Short” or ”Long” Create a sequence: "ATGCGTAC” Set a threshold of 12 Write
a condition that assigns: - If length | threshold — status = ”short” - Else — status = ”long” Print both the length
and the status

Biological meaning: You just implemented a filtering step. This logic appears in read trimming, QC pipelines, and
preprocessing workflows.

Exercise 3: Multiple Sequences, Multiple Decisions Create a list of sequences: - "ATGC” (length 4) - ” ATGCGTAC”
(length 8) - ”ATGCGTACGTTAGC” (length 14)

Set a threshold of 8 Loop through each sequence and check: - If length ;= threshold — print ”[sequence] — accepted”
- Else — print ”[sequence] — filtered out”

What just happened? Your script is now behaving like a mini pipeline!

Why Conditionals Matter in Real Pipelines Pipelines are NOT linear scripts. They are: decision trees, rule-based
filters, and logic-driven workflows.

Many beginner scripts fail because: - Thresholds are hardcoded without biological reasoning - Conditions are applied
blindly - Filtering decisions are not documented
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The Three Questions Biology Asks: Lists answer ”What comes next?” Dictionaries answer "What does this
belong to?” Conditionals answer ”Should this be kept or filtered?”

Biology asks all three questions. Python gives you the tools.

The Bottom Line: Python makes it easy to write conditions. Bioinformatics requires you to justify them.
Python executes instructions. Bioinformatics decisions come from YOU.

Swipe to see the full Day 6 guide.

Tag a biologist who needs to understand biological decision making!
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Day 7 — Loops Over Biological Data

Technical Content

1. Concept: for Loops in Python

A loop allows Python to repeat an operation over multiple items. Basic structure: for item in collection:
do_something. From a programming view: repetition. From a bioinformatics view: applying the same biological
logic across many data points. This is essential because biology never comes one at a time.

2. Biological Focus: Bioinformatics Is About Scale

Real biological data involves: thousands of reads, hundreds of genes, multiple samples, repeated measurements. Manu-
ally analyzing one sequence is not bioinformatics. Bioinformatics begins when the same biological reasoning is applied
repeatedly and consistently. Loops make that possible.

3. Looping Over Sequences
Consider multiple sequences: sequences = ["ATGCGT", "GGCCTA", "TTAGGC"]. A loop lets us analyze each one
without rewriting code.
4. Practice: Loop Through Multiple Sequences
Create day7_loops_biology.py:
sequences = ["ATGCGT", "GGCCTA", "TTAGGC"]
for seq in sequences:

print ("Sequence:", seq)
print ("Length:", len(seq))

Run the script. This is the foundation of batch processing, dataset-wide analysis, and automated pipelines.

5. GC Content as a Biological Metric
GC content is a basic but meaningful biological property. It relates to: genome stability, sequencing bias, and species
differences. GC content formula: (G + C) / total length.
6. Practice: Calculate GC Content in a Loop
Add:
for seq in sequences:
g-count = seq.count("G")
c_count = seq.count("C")

gc_content = (g_count + c_count) / len(seq)
print("Sequence:", seq, "GC:", gc_content)

Change sequences, lengths, and composition. Observe how biological properties change across data.

7. Why Loops Matter in Real Pipelines

Loops appear everywhere: iterating over FASTA entries, looping through samples, processing genes one by one,
applying QC checks repeatedly. Without loops: pipelines do not scale, analyses remain manual, reproducibility is
impossible. Loops are not about saving time. They are about consistency and correctness at scale.

8. Practice: Combine Loops With Decisions

Extend:
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sequences = ["ATGC", "ATGCGTAC", "ATGCGTACGTTAGC"]

threshold = 0.5

for seq in sequences:
gc = (seq.count("G") + seq.count("C")) / len(seq)
if gc >= threshold: print(seq, "= high GC")
else: print(seq, "= low GC")

You have now combined: loops, conditionals, and biological reasoning. This is pipeline logic.

Explanation

Day 7 — Loops Over Biological Data
Welcome back to my 20-day Python short course for biologists!

Today we learn about loops — one of the most important concepts in bioinformatics. Why? Because biology never
comes one at a time. If you can only analyze one sequence, you are not doing bioinformatics yet.

The key insight: Real biological data involves: Thousands of reads Hundreds of genes Multiple samples Repeated
measurements

Manually analyzing one sequence is not bioinformatics. Bioinformatics begins when the same biological reasoning is
applied repeatedly and consistently. Loops make that possible.

Today’s Tool: FOR LOOP — Repeat operations across collections e For each item in a collection — do something
e Applies the same logic across all data points e Essential for scale, consistency, and reproducibility

What you’ll learn today: How loops enable batch processing of biological data Why bioinformatics begins at scale,
not with one sequence How to loop through multiple sequences What GC content is and why it matters biologically
How to calculate GC content across many sequences How to combine loops with conditionals (if/else) Why loops are
about consistency, not just saving time

Practice Exercises (Try on your computer):

Exercise 1: Loop Through Multiple Sequences Create a list of sequences: " ATGCGT”, "GGCCTA” | "TTAGGC” Write
a loop that goes through each sequence and prints: - The sequence itself - Its length

Run the script.

What just happened? You just performed batch processing! This is the foundation of dataset-wide analysis and
automated pipelines.

Exercise 2: Understand GC Content GC content is a basic but meaningful biological property. It relates to: -
Genome stability - Sequencing bias - Species differences

The formula is simple: (Number of G + Number of C) divided by Total Length
A sequence with high GC content behaves differently than one with low GC content. This matters in real research.

Exercise 3: Calculate GC Content in a Loop Take your list of sequences: "ATGCGT”, "GGCCTA” | "TTAGGC” For
each sequence: - Count the number of G’s - Count the number of C’s - Calculate GC content using the formula - Print
the sequence, its length, and its GC content

What just happened? You just calculated a meaningful biological metric across multiple sequences automatically!

Exercise 4: Combine Loops with Decisions (Pipeline Logic!) Create a list of sequences with different lengths:
- ?ATGC” (length 4) - ”ATGCCTAC” (length 8) - 7 ATGCGTACGTTAGC” (length 14)

Set a GC threshold of 0.5 (50For each sequence: - Calculate GC content - If GC content is 0.5 or higher — print
" [sequence] — high GC” - Else — print ”[sequence] — low GC”

What just happened? You have now combined three essential skills: Loops (repeat across data) Conditionals (make
decisions) Biological reasoning (interpret results)

This is REAL pipeline logic!

Why Loops Matter in Real Pipelines Loops appear everywhere in bioinformatics: Iterating over FASTA entries
(thousands of sequences) Looping through patient samples Processing genes one by one Applying quality control
checks repeatedly

Without loops: Pipelines do not scale Analyses remain manual Reproducibility is impossible
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Remember: Loops are not about saving time. They are about consistency and correctness at scale.

The Four Questions Biology Asks (Updated): Lists answer ”What comes next?” Dictionaries answer ”What
does this belong to?” Conditionals answer ”Should this be kept or filtered?” Loops answer "How do I do this for
ALL my data?”

Bioinformatics requires all four. Python gives you the tools. You provide the biological meaning.

The Bottom Line: Manually analyzing one sequence is not bioinformatics. Bioinformatics begins when the same
reasoning is applied repeatedly and consistently.

Loops make that possible.
Looping is not about saving time — it’s about consistency and correctness at scale.
Swipe to see the full Day 7 guide.

Tag a biologist who needs to scale up their analysis!
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Day 8 — Functions as Reusable Biological Logic

Technical Content

1. Concept: Writing Functions in Python

In Python, a function is a named block of code that performs a specific task. Basic structure: def function name (input) :
do_something return result. From a programming view: code is written once, reused many times, easy to test and
fix. From a bioinformatics view: a biological calculation is defined once, applied consistently across datasets, and
prevents silent variation and accidental errors. A function is stored biological logic.

2. Biological Focus: Repeating Biological Calculations

Bioinformatics workflows repeat the same calculations endlessly: GC content, sequence length, quality filtering, nor-
malization, coverage checks. If you copy-paste the same calculation: one typo creates multiple wrong results, fixing
errors becomes painful, and reproducibility suffers. In biology, consistency is truth. Functions enforce consistency.
Python doesn’t understand biology. Functions make sure Python performs biology your way, every time.

3. Why Functions Matter More Than Loops

Loops repeat actions. Functions define meaning. A loop answers: ”How many times should I do this?” A function an-
swers: " What does this biological calculation mean?” Together, they build real pipelines. Without functions: pipelines
become long, fragile scripts; one change requires editing many lines. With functions: change the logic once; entire
pipeline updates automatically. This is how professional bioinformatics code survives scale.

4. Practice: Write a Function to Compute GC Content

Create day8_functions_gc_content.py:

def gc_content (sequence):
sequence = sequence.upper().replace("N", "")
if len(sequence) == 0: return None
gc = (sequence.count("G") + sequence.count("C")) / len(sequence) * 100
return gc

Biological meaning: You have defined GC content as a rule. That definition is now fixed, explicit, and reusable.
Every future analysis uses the same biological logic. This is no longer ”a calculation”. It is a biological definition
encoded in code.

5. Using the Function on a Single Sequence

sequence = "ATGCGTAACG"

gc = gc_content (sequence)
print ("Sequence:", sequence)
print ("GC content:", gc)

What happened? The calculation logic stayed hidden. Your script became cleaner. The result became easier to
interpret. This is exactly how real pipelines are written: high-level biological intent on top, technical details safely

tucked away.

6. Practice: Apply the Function to Multiple Sequences

Now combine loops + functions:

20



sequences = [
"ATGCGTAACG", "GGGCCC",
"ATATATAT", "CGCGATGC"

]

for seq in sequences:
gc = gc_content(seq)
print("Sequence:", seq, "GC:", gc)

Biological meaning: Same GC logic applied to all sequences. No accidental variation. Fully reproducible results.
This is now behaving like a real analysis module.

7. Functions as Biological Contracts

A function is a promise: ”Given this input, I will calculate biology exactly this way.” If your GC content definition
changes: you modify one function, not 20 scripts, not 200 copy-pasted blocks. This is how large labs avoid disas-
ters. Many beginner bioinformaticians fail not because they lack knowledge — but because their logic is scattered
everywhere. Functions gather logic into one place and guard it.

Explanation

Day 8 — Functions as Reusable Biological Logic
Welcome back to my 20-day Python short course for biologists!

Today we learn about functions — one of the most powerful concepts in programming. If loops taught you how to
repeat actions, functions teach you how to define meaning. And in bioinformatics, that is everything.

The key insight: A function is stored biological logic.

In bioinformatics, we repeat the same calculations endlessly: GC content Sequence length Quality filtering Nor-
malization Coverage checks

If you copy-paste the same calculation everywhere: One typo creates multiple wrong results Fixing errors becomes
painful Reproducibility suffers

In biology, consistency is truth. Functions enforce consistency.

Today’s Tool: FUNCTION — Reusable biological logic e def function_name(input): do something return result e
Write the logic once e Use it many times ® Change in one place — updates everywhere

Python doesn’t understand biology. Functions make sure Python performs biology YOUR way, every time.

What you’ll learn today: How to write a function in Python Why functions matter more than loops (they define
meaning) How to compute GC content using a function How to apply a function to a single sequence How to combine
loops + functions for multiple sequences Why functions are ”biological contracts” that prevent disasters

Practice Exercises (Try on your computer):

Exercise 1: Write a Function to Compute GC Content Create a function called gc_content that takes a sequence
as input. Inside the function: - Count the number of G’s - Count the number of C’s - Calculate GC content as (G +
C) divided by length multiplied by 100 - Return the result

Biological meaning: You have defined GC content as a rule. That definition is now fixed, explicit, and reusable. Every
future analysis uses the same biological logic. This is no longer ”a calculation.” It is a biological definition encoded in
code.

Exercise 2: Use the Function on a Single Sequence Take your gc_content function. Create a sequence:
"ATGCGTAACG”. Call the function with this sequence. Store the result in a variable. Print the sequence and its
GC content.

What happened? The calculation logic stayed hidden. Your script became cleaner. The result became easier to
interpret. This is exactly how real pipelines are written — high-level biological intent on top, technical details safely
tucked away.

Exercise 3: Apply the Function to Multiple Sequences (Loops + Functions!) Create a list of sequences: -
” ATGCGTAACG” - ”GGGCCC” - " ATATATAT” - ”"CGCGATGC”

Write a loop that goes through each sequence. For each sequence: - Call your gc_content function - Print the sequence,
its length, and its GC content
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Biological meaning: Same GC logic applied to all sequences. No accidental variation. Fully reproducible results. This
is now behaving like a real analysis module!

Why Functions Matter More Than Loops Loops repeat actions. Functions define meaning.

A loop answers: "How many times should I do this?” A function answers: ”What does this biological calculation
mean?”

Together, they build real pipelines.

Without functions: Pipelines become long, fragile scripts One change requires editing many lines
With functions: Change the logic once Entire pipeline updates automatically

This is how professional bioinformatics code survives scale.

Functions as Biological Contracts A function is a promise: ”Given this input, I will calculate biology exactly this

2

way.
If your GC content definition changes: - You modify ONE function - Not 20 scripts - Not 200 copy-pasted blocks
This is how large labs avoid disasters.

Many beginner bioinformaticians fail not because they lack knowledge — but because their logic is scattered every-
where.

Functions gather logic into one place and guard it.

The Five Questions Biology Asks (Updated): Lists answer ”What comes next?” Dictionaries answer ” What
does this belong to?” Conditionals answer ”Should this be kept or filtered?” Loops answer "How do I do this for
ALL my data?” Functions answer ”What does this biological calculation MEAN?”

Bioinformatics requires all five. Python gives you the tools. You provide the biological meaning.

The Bottom Line: Loops repeat actions. Functions define meaning. Together, they build real pipelines.
Python doesn’t understand biology. Functions make sure Python performs biology your way, every time.
A function is stored biological logic. Guard it. Reuse it. Trust it.

Swipe to see the full Day 8 guide.

Tag a biologist who needs to write reusable code!
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Day 9 — Reading & Writing Files (FASTA-like Data)

Technical Content

1. Concept: File Input & Output (I/0)
So far, all data has lived inside the script. That is not how real bioinformatics works. File I/O allows programs to
read data from files, process it, and write results to disk. This is where scripts become analysis tools.

2. Biological Focus: Real Data Lives in Files

Biological data is rarely typed into code. It lives in files such as: FASTA, FASTQ, GFF / GTF, TSV / CSV, count
matrices. Bioinformatics begins when your code can read these files, understand their structure, and produce new files
as output.

3. Understanding a FASTA-like Structure
A simple FASTA-like file looks like this:

>seql

ATGCGTAC

>seq2
GGCCTTAA

Biological meaning: lines starting with > — sequence identifiers; next lines — sequence data. Today, we focus on
FASTA-like text, not full parsing yet.
4. Practice: Create a Sequence File
Create a file called sequences.txt:
>seql
ATGCGTAC
>seq2
GGCCTTAA

>seq3
ATGAAA

This mimics how biological data is stored.

5. Practice: Read Sequences From a File

Create day9_file_io.py:
with open("sequences.txt", "r") as file:
lines = file.readlines()

for line in lines:
print(line.strip())

You have now read biological data from disk.

6. Extract Only Sequence Lines
Extend:

23



sequences = []
with open("sequences.txt", "r") as file:
for line in file:
line = line.strip()
if not line.startswith(">"):
sequences.append (line)
print ("Sequences read from file:")
print (sequences)

Biological meaning: You filtered metadata (;headers) from sequence data. This is exactly what many FASTA
parsers do.

7. Process the Data

Now analyze sequences:

results = []

for seq in sequences:
length = len(seq)
gc = (seq.count("G") + seq.count("C")) / length
results.append((seq, length, gc))

You have: read real data, processed it, and prepared results for output.

8. Write Results to a New File
Add:

with open("sequence_summary.txt", "w") as output:
output.write("Sequence\tLength\tGC_Content\n")
for seq, length, gc in results:
output.write(£"{seq}\t{length}\t{gc}\n")

Open sequence_summary.txt. This is your first real bioinformatics output file.

9. Why File I/O Changes Everything

Until now: data disappears when the script ends. With file I/O: results persist, analyses become reproducible,
workflows become shareable. Most real pipelines are: file — processing — file. Python is the glue that connects these
steps.

Explanation

Day 9 — Reading & Writing Files: Real Data Lives in Files
Welcome back to my 20-day Python short course for biologists!

Until now, all our data has lived inside the script itself. But that is NOT how real bioinformatics works. Today, we
cross a critical threshold — we start reading biological data from files and writing results back to disk. This is where
scripts become analysis tools.

The key insight: Biological data is rarely typed into code. It lives in files: FASTA (sequences) FASTQ (sequences
with quality scores) GFF / GTF (genome annotations) TSV / CSV (tables and metadata) Count matrices (expression
data)

Bioinformatics begins when your code can: Read these files Understand their structure Produce new files as output

Today’s Tool: FILE I/O (Input/Output) — Read from files, write to files @ ”r” mode — read from a file ® "w”
mode — write to a file @ with open() — safely handle files

Most real pipelines are: FILE — PROCESSING — FILE Python is the glue that connects these steps.
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What you’ll learn today: Why real biological data lives in files, not in code What a FASTA-like file structure
looks like How to create and save a sequence file How to read sequences from a file How to filter metadata (headers)
from sequence data How to process sequences and calculate metrics How to write results to a new output file Why
file I/O makes analyses reproducible and shareable

Practice Exercises (Try on your computer):

Exercise 1: Create a Sequence File Create a text file called ”sequences.txt” with the following content: ;seql
iseq2 .seq3

This mimics how real biological data is stored. The lines starting with ”;” are sequence identifiers (headers). The

next lines are the actual DNA sequences.

Exercise 2: Read Sequences From a File Write a script that opens ”sequences.txt” in read mode ("r”). Read all

lines from the file. Loop through each line and print it (removing any extra whitespace).

What happened? You have now read biological data from disk for the first time! This is the foundation of every

bioinformatics pipeline.

Exercise 3: Extract Only Sequence Lines (Filter Metadata) Extend your script. Create an empty list called
”sequences”. Open the file and loop through each line. For each line, remove whitespace. If the line does NOT start
with 7;”, add it to your sequences list. Print the list of sequences.

Biological meaning: You just filtered metadata (the ;jheaders) from the actual sequence data. This is exactly what
real FASTA parsers do when they read sequence files. The headers tell you WHAT the sequence is. The sequences
tell you the biological data itself.

Exercise 4: Process the Data Now analyze the sequences you extracted. Create an empty list called "results”.
Loop through each sequence. For each sequence: - Calculate its length - Calculate its GC content (G 4+ C divided by
length) - Store the sequence, length, and GC content as a tuple in your results list

What just happened? You have now: Read real data from a file Processed it with biological calculations Prepared
results for output

Exercise 5: Write Results to a New File Create a new file called ”sequence_summary.txt” in write mode ("w”).
Write a header line: ”Sequence”, ”Length”, ” GC_Content” separated by tabs. Loop through your results and write
each sequence, its length, and its GC content to the file (also separated by tabs).

Open ”sequence_summary.txt” on your computer. You will see your results saved permanently!
This is your first real bioinformatics output file!
Why File I/0 Changes Everything

Until now: Data disappeared when the script ended Results were only visible on screen Analyses could not be
shared easily

With file I/O: Results persist permanently on disk Analyses become reproducible Workflows become shareable
Other tools can use your output files

The Bottom Line: Most real pipelines are simply: FILE — PROCESSING — FILE
Python is the glue that connects these steps.

Reading and writing files transforms your script from a temporary experiment into a permanent, reproducible, shareable
analysis tool.

Real data lives in files. Real bioinformatics reads from files and writes to files. Today, you crossed that threshold.
Swipe to see the full Day 9 guide.

Tag a biologist who needs to start working with real sequence files!
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Day 10 — Understanding FASTA Format

Technical Content

1. Concept: Structured Biological Files

Biological data is rarely random text. It is structured, meaning: there are rules, there is order, and meaning depends
on position and symbols. FASTA is one of the oldest and most trusted biological file formats. It encodes identity +
sequence in a predictable way. From programming: FASTA is a text file with patterns; lines have specific meanings.
From bioinformatics: FASTA is how sequences carry identity, origin, and context. If you misread the structure, you
misread the biology.

2. Biological Focus: Headers, Sequences, Identifiers

A FASTA file has two core components:

Header line: Starts with >, contains identifiers and metadata. Example: >gene 01 Homo _sapiens chromosome 1.
Biological meaning: Which gene? Which organism? Which chromosome? The computer sees text. You see biological
identity.

Sequence lines: DNA, RNA, or protein sequence. May span multiple lines. Belongs to the most recent header.
Example: ATGCGTACGTTAGC. Important rule: Everything after a header belongs to that sequence until the next >
appears. That rule is sacred.

3. FASTA Is Not Just Storage — It’s Interpretation

Two identical sequences with different headers are biologically different. Why? Different genes, different species,
different genomic locations. FASTA keeps sequence and meaning together. This is why tools like BLAST, genome
assemblers, and annotation pipelines all depend on correct FASTA structure. Break the structure — break the biology.

4. Practice: Create a Simple FASTA File
Create day10_example.fasta:
>seql ATGCGTAACG

>seq2 GGGCCC
>seq3  ATATATAT

What you created: 3 biological entities, each with a unique identifier, each with its own sequence. This is already
enough to feed into real bioinformatics tools.

5. Practice: Parse a FASTA File in Python

Create day10_parse_fasta.py:
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fasta file = "daylO_example.fasta
sequence_count = 0
current_sequence = ""
with open(fasta file) as file:
for line in file:
line = line.strip()
if line.startswith(">"):
if current_sequence != "":
print("Length:", len(current_sequence))
current_sequence = ""
sequence_count += 1
print ("Header:", line)
else:
current_sequence += line
if current_sequence != "":
print("Length:", len(current_sequence))
print ("Total sequences:", sequence_count)

6. Biological Meaning of This Parsing Logic

Let’s decode what your code is doing biologically: > — new biological entity begins; accumulating lines — re-
constructing the full sequence; printing length — basic sequence characterization; counting headers — counting
genes/contigs/reads. This is exactly what many FASTA parsers do internally. You are no longer guessing what
libraries do. You understand the logic.

7. Why FASTA Parsing Matters in Real Pipelines

Real FASTA files contain: thousands of genes, millions of contigs, gigabytes of sequence data. Pipelines use FASTA
structure to: split datasets, filter sequences, annotate genomes, detect contamination. Beginner mistakes include:
treating FASTA as plain text, ignoring multiline sequences, losing headers during processing. Every one of those
errors destroys biological meaning.

Explanation

Day 10 — Understanding FASTA Format: The Language of Biological Sequences

Welcome back to my 20-day Python short course for biologists!

Today we reach a major milestone — understanding FASTA format. This is one of the oldest and most trusted
biological file formats. If you work with sequences, you MUST understand FASTA. It is not optional.

The key insight: FASTA is not just storage. It is interpretation.

Two identical sequences with different headers are BIOLOGICALLY DIFFERENT. Why? Different genes Different
species Different genomic locations

FASTA keeps sequence and meaning together. If you misread the structure, you misread the biology.

What is FASTA Format?

FASTA is a structured text format with two core components:

e

Header Line: - Starts with a ”;” symbol - Contains identifiers and metadata - Example: ;gene 01 Homo_sapiens
chromosome_1

Biological meaning: Which gene? Which organism? Which chromosome? The computer sees text. You see biological
identity.

Sequence Lines: - DNA, RNA, or protein sequence - May span multiple lines - Belongs to the most recent header -
Example: ATGCGTACGTTAGC

M .M

The Sacred Rule: Everything after a header belongs to that sequence until the next ”;” appears. Break this rule
— break the biology.

What you’ll learn today: Why biological data is structured, not random text The two core components of FASTA
(headers and sequences) Why identical sequences with different headers are biologically different How to create a
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simple FASTA file How to parse a FASTA file in Python What the parsing logic means biologically Why FASTA
parsing matters in real pipelines Common beginner mistakes that destroy biological meaning

Practice Exercises (Try on your computer):

Exercise 1: Create a Simple FASTA File Create a text file called ”"dayl0_example.fasta” with the following
content:

iseql iseq2 iseq3

What you just created: 3 biological entities, each with a unique identifier, each with its own sequence. This is already
enough to feed into real bioinformatics tools like BLAST, genome assemblers, and annotation pipelines.

Exercise 2: Parse a FASTA File in Python Write a script that reads your FASTA file. For each line in the file:
- Remove any extra whitespace - Check if the line starts with 7;” - If yes, this is a header — print it - If no, this is
sequence data — store it

When you encounter a new header, print the length of the previous sequence before starting the new one. Keep a
counter to track how many sequences you have processed.

Exercise 3: Understand What Your Parser Is Doing Biologically Let’s decode what your code is doing:

.0

.7 symbol — A new biological entity begins Accumulating lines — Reconstructing the full sequence (which may
span multiple lines) Printing length — Basic sequence characterization Counting headers — Counting genes, contigs,
or reads

This is exactly what many FASTA parsers do internally. You are no longer guessing what libraries do. YOU understand
the logic.

Why FASTA Parsing Matters in Real Pipelines Real FASTA files contain: Thousands of genes Millions of
contigs Gigabytes of sequence data

Real pipelines use FASTA structure to: Split datasets Filter sequences Annotate genomes Detect contamination

Common Beginner Mistakes That Destroy Biological Meaning: Treating FASTA as plain text (ignoring the
structure) Ignoring multiline sequences (losing part of the data) Losing headers during processing (sequence becomes
anonymous)

Every one of these errors destroys biological meaning. A sequence without its header is like a book without a title —
you have no idea what it is or where it came from.

The Bottom Line: FASTA is not just storage. It is interpretation.

Two identical sequences with different headers are biologically different because they come from different genes, different
species, or different genomic locations.

If you misread the structure, you misread the biology.
Break the structure — break the biology.

FASTA keeps sequence and meaning together. That is why every bioinformatics tool depends on correct FASTA
structure.

Swipe to see the full Day 10 guide.
Tag a biologist who needs to understand FASTA format!
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Day 11 — Working With Sequence Composition

Technical Content

1. Concept: Counting & Frequencies in Python

Counting is one of the simplest operations in Python: count characters, calculate proportions, compare values. In
isolation, this seems basic. In bioinformatics, counting is foundational biology.

2. Biological Focus: Composition Is Not Random

Biological sequences are not random strings. Their composition reflects biology: species-specific genome properties,
gene function, sequencing bias, structural stability. GC-rich regions behave differently from AT-rich regions. This
affects: melting temperature, sequencing efficiency, gene regulation. Composition tells a biological story.

3. Base Counting as Biological Measurement
For a DNA sequence: A, T, G, C counts matter; proportions matter more than raw counts. Python allows us to
measure this precisely and reproducibly.
4. Practice: Count Bases in a Sequence
Create day11l_sequence_composition.py:
sequence = "ATGCGTACGTTAGC"
a_count = sequence.count("A")
t_count = sequence.count("T")
g-count = sequence.count("G")
c_count = sequence.count("C")

print ("Sequence:", sequence)
print("A:", a_count, "T:", t_count, "G:", g.count, "C:", c_count)

Biological meaning: You just quantified nucleotide composition.

5. GC Content as a Frequency Measure

GC content is not just a statistic. It reflects: genome architecture, functional regions, evolutionary patterns. GC
content formula: (G + C) / total length.

6. Practice: Calculate GC Content
Extend your script:
length = len(sequence)
gc_content = (g_count + c_count) / length
print("Length:", length)
print ("GC content:", gc_content)

Now change the sequence. Observe how composition shifts.

7. Practice: Compare Multiple Sequences

Add:
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sequences = [
"ATGCGTAC", "ATATATAT",
"GGCCGGCC"
]
for seq in sequences:
gc = (seq.count("G") + seq.count("C")) / len(seq)
print(seq, "= GC:", gc)

Biological meaning: You are comparing sequence composition across samples. This is exactly how genomes are
compared, regions are classified, and biases are detected.

8. Why Composition Analysis Matters

Many real analyses start with composition checks: QC of sequencing reads, detecting contamination, identifying
unusual regions, comparing organisms. Ignoring composition leads to: misleading results, incorrect assumptions, poor
downstream decisions. Composition is often the first biological signal.

9. Connecting to Real Pipelines

In real workflows: GC content is computed per read, averages are compared across samples, outliers are filtered,
reports are generated. Today’s logic scales directly to that level.

Explanation

Day 11 — Working With Sequence Composition: Counting That Tells a Biological Story
Welcome back to my 20-day Python short course for biologists!

Today we learn about something deceptively simple — counting. At first glance, counting bases in a sequence seems
trivial. But in bioinformatics, counting is foundational biology. It reveals the story hidden in the sequence.

The key insight: Biological sequences are NOT random strings. Their composition reflects real biology:
Species-specific genome properties Gene function Sequencing bias Structural stability

GC-rich regions behave differently from AT-rich regions. This affects: Melting temperature Sequencing efficiency
Gene regulation

Composition tells a biological story.

What you’ll learn today: Why counting is foundational biology, not just a simple operation How to count A, T,
G, C bases in a sequence Why proportions matter more than raw counts What GC content reveals about genome
architecture and evolution How to calculate GC content How to compare composition across multiple sequences Why
composition analysis is the first step in real pipelines How ignoring composition leads to misleading results

Practice Exercises (Try on your computer):

Exercise 1: Count Bases in a Sequence Take a DNA sequence: ”ATGCGTACGTTAGC” Count how many A’s, T’s,
G’s, and C’s appear in the sequence. Print each count.

Biological meaning: You just quantified nucleotide composition. This is the first step in understanding what a sequence
is made of.

Exercise 2: Calculate GC Content GC content is not just a statistic. It reflects: - Genome architecture - Functional
regions - Evolutionary patterns

The formula is simple: (Number of G + Number of C) divided by Total Length
For your sequence, calculate: - The total length - The GC content - Print both values

Now change the sequence to something else. Observe how the composition shifts. A GC-rich sequence behaves very
differently from an AT-rich sequence in the laboratory and in evolution.

Exercise 3: Compare Multiple Sequences Create a list of three different sequences: - 7ATGCGTAC” - "ATATATAT”
(an AT-rich sequence) - ?GGCCGGCC” (a GC-rich sequence)

Loop through each sequence. For each sequence: - Calculate its GC content - Print the sequence and its GC content
side by side
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Biological meaning: You are comparing sequence composition across samples. This is exactly how: Genomes are
compared Regions are classified Biases are detected

Notice how different the GC content is between ” ?

behave differently in experiments and in nature.

and ” 7. One is AT-rich. One is GC-rich. They

Why Composition Analysis Matters Many real analyses start with composition checks: Quality control of
sequencing reads Detecting contamination (foreign DNA has different composition) Identifying unusual regions
Comparing organisms

Ignoring composition leads to: Misleading results Incorrect assumptions Poor downstream decisions
Composition is often the first biological signal you get from a sequence.

Connecting to Real Pipelines In real bioinformatics workflows: - GC content is computed for every single read -
Averages are compared across samples - Qutliers are filtered out - Reports are generated

The logic you learn today scales directly to processing millions of sequences. The same counting operation that works
on one sequence works on ten thousand sequences.

The Bottom Line: Counting is not just a simple Python operation. In bioinformatics, counting is foundational
biology.

Composition tells a biological story. It is often the first biological signal you get from a sequence.

GC-rich regions and AT-rich regions behave differently. Understanding composition helps you understand: - Melting
temperature - Sequencing efficiency - Gene regulation - Genome evolution

Don’t ignore the composition. It is telling you something important about your biology.
Swipe to see the full Day 11 guide.

Tag a biologist who needs to understand sequence composition!
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Day 12 — Biological Errors & Edge Cases

Technical Content

1. Concept: Unexpected Inputs

In Python, we often imagine inputs behaving nicely. In biology, they rarely do. Unexpected inputs include: characters
you didn’t plan for, empty sequences, mixed formats, incomplete data. From programming: these are ”edge cases” —
situations outside the happy path. From bioinformatics: these are normal biological realities. Ignoring them doesn’t
make them disappear. It just makes your results wrong.

2. Biological Focus: Ns, Lowercase Bases, Empty Data

Let’s decode what "messy” actually means biologically.

Ns: N means base is unknown, sequencing ambiguity, low confidence region. This is not noise. It is information about
uncertainty.

Lowercase bases: Lowercase letters often indicate low-quality reads, masked regions, soft-masked repeats. atgc
ATGC biologically, even though they look similar.

Empty data: Empty sequences appear when reads are fully filtered, files are malformed, data is missing. An empty
sequence is still a biological event. It means something failed upstream.

3. Why Edge Cases Matter Biologically

A pipeline that fails on bad data is fragile. A pipeline that silently accepts bad data is dangerous. Real consequences:
GC content inflated by Ns, length calculations distorted, wrong genes filtered in or out. Python will happily calculate
nonsense. It will never warn you. That responsibility is yours.

4. Practice: Handle Sequences with Ns

Create day12_edge_cases.py:

def gc_content(sequence):
sequence = sequence.upper ()

if len(sequence) == 0: return None
valid_bases = sequence.replace("N", "")
if len(valid bases) == 0: return None

g_count = valid bases.count("G")

c_count = valid_bases.count("C")

gc = (g-count + c_count) / len(valid_bases) * 100
return gc

Biological meaning: Ns are excluded from GC calculation, completely ambiguous sequences are skipped, empty
input does not crash the pipeline. This is defensive biology, not paranoia.

5. Practice: Apply to Messy Sequences

Add:
sequences = [
"ATGCGTNNNCG", "nnnnnn", "", "atgcATGC", "ATATAT"
]

for seq in sequences:
gc = gc_content(seq)
if gc is None: print("Sequence skipped:", seq)
else: print("Sequence:", seq, "Length:", len(seq), "GC:", gc)

You are now making judgments, not just calculations.
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6. Skipping Invalid Entries Safely

This logic does something subtle and powerful: it does not crash, it does not lie, it does not force a number where
biology is uncertain. Skipping is not failure. Skipping is honesty. Most professional pipelines: log skipped entries,
justify why they were excluded, preserve trust in downstream analysis. Silence is worse than exclusion.

7. Why Real Pipelines Fail Without Edge Case Handling

Many beginner pipelines break because: Ns are treated as real bases, lowercase is ignored, empty data causes division
by zero, errors are hidden instead of handled. The result: beautiful plots, convincing statistics, completely wrong
biology. Strong pipelines assume nothing behaves perfectly.

Explanation

Day 12 — Biological Errors & Edge Cases: Why Real Data Is Never Perfect
Welcome back to my 20-day Python short course for biologists!

Today we talk about something most beginners ignore — edge cases. In Python, we often imagine inputs behaving
nicely. In biology, they rarely do. Ignoring messy data doesn’t make it disappear. It just makes your results wrong.

The key insight: A pipeline that fails on bad data is fragile. A pipeline that silently accepts bad data is DANGER-
ous.

Python will happily calculate nonsense. It will never warn you. That responsibility is YOURS.

What Does ”"Messy” Mean Biologically?

Let’s decode what messy data actually means:

Ns (Unknown Bases): - N means base is unknown - Sequencing ambiguity - Low confidence region

This is NOT noise. It is information about uncertainty.

Lowercase Bases: - Lowercase letters often indicate low-quality reads - Masked regions - Soft-masked repeats
Remember: atgc is NOT the same as biologically, even though they look similar to Python.

Empty Data: - Reads that are fully filtered out - Malformed files - Missing data

An empty sequence is still a biological event. It means something failed upstream.

What you’ll learn today: Why real biological data is never perfectly clean What Ns mean biologically (unknown
bases, ambiguity) Why lowercase bases are different from uppercase How to handle empty sequences safely Why

ignoring edge cases leads to wrong results How to write defensive functions that handle messy data Why skipping
invalid data is honesty, not failure How real pipelines fail without edge case handling

The Consequences of Ignoring Edge Cases: Real consequences of ignoring messy data: GC content inflated by
Ns (you think you have more G/C than you really do) Length calculations distorted Wrong genes filtered in or out

Example: A sequence with many Ns. If you count Ns as real bases, your GC calculation will be completely wrong.
Python won’t warn you. You’ll get a number. That number will be wrong. And you won’t know it.

Practice Exercises (Try on your computer):

Exercise 1: Handle Sequences with Ns Write a function called gc_content that does the following: - Convert the
entire sequence to uppercase (so lowercase bases become uppercase) - Check if the sequence is empty — if yes, return
None - Remove all N’s from the sequence (these are unknown bases) - If after removing N’s the sequence is empty,
return None - Count G’s and C’s in the cleaned sequence - Calculate GC content as (G + C) divided by length times
100 - Return the GC content

Biological meaning: Ns are excluded from GC calculation because they don’t represent real bases. Completely am-
biguous sequences are skipped. Empty input does not crash the pipeline. This is defensive biology, not paranoia.

b2 2

Exercise 2: Apply Your Function to Messy Sequences Create a list of messy sequences: -
(contains Ns) - "nnnnnn” (all lowercase Ns) - ”” (empty string) - ”atgcATGC” (mixed case) - 7
sequence)

9

(clean

Loop through each sequence. For each sequence: - Call your gc_content function - If the result is None, print ” Sequence
skipped:” followed by the sequence - If the result is a number, print the sequence, its length, and its GC content

What just happened? You are now making judgments, not just calculations. Some sequences are valid. Some are
skipped. This is what real pipelines do.
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Why Skipping Invalid Entries Is Honest, Not Failure This logic does something subtle and powerful: It does
not crash It does not lie It does not force a number where biology is uncertain

Skipping is not failure. Skipping is honesty.

Most professional pipelines: - Log skipped entries (so you know what was excluded) - Justify why they were excluded
(document the criteria) - Preserve trust in downstream analysis

Silence is worse than exclusion. If you don’t know what was skipped, you don’t know if your results are trustworthy.

Why Real Pipelines Fail Without Edge Case Handling: Many beginner pipelines break because: Ns are
treated as real bases (inflating GC content) Lowercase is ignored (missing low-quality information) Empty data
causes division by zero (crash) Errors are hidden instead of handled (silent wrong results)

The result: - Beautiful plots - Convincing statistics - Completely wrong biology

The Bottom Line: A pipeline that fails on bad data is fragile. A pipeline that silently accepts bad data is dangerous.
Python will happily calculate nonsense. It will never warn you.

Strong pipelines assume nothing behaves perfectly.

Skipping is not failure. Skipping is honesty. Silence is worse than exclusion.

Your responsibility is to handle messy data correctly. Because in biology, messy data is normal.

Swipe to see the full Day 12 guide.

Tag a biologist who needs to learn about handling messy data!
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Day 13 — Introduction to Biopython

Technical Content

1. Concept: Libraries in Python

So far, you've written everything yourself: reading files, parsing sequences, counting bases, looping and filtering. This
is good. It builds understanding. But real bioinformatics workflows would become long, repetitive, and error-prone.
This is where libraries come in. A Python library is pre-written, tested code that solves common problems. Biopython
is one such library — built specifically for biology.

2. Biological Focus: Why Libraries Exist in Bioinformatics

Biological data is: complex, structured, and standardized (FASTA, FASTQ, GenBank, etc.). Rewriting parsers and
utilities every time wastes effort, introduces bugs, and distracts from biological questions. Biopython exists to: handle
biological formats correctly, provide biologically meaningful objects, and reduce technical noise. Important mindset:
Libraries do not replace biological thinking. They remove unnecessary technical complexity.

3. What Biopython Actually Provides

Biopython gives you: sequence objects (DNA, RNA, protein), FASTA/FASTQ parsers, translation tools, access to
biological databases, and alignment and analysis utilities. But it still uses: loops, conditionals, dictionaries, and
biological logic. Everything you learned so far still applies.

4. Practice: Install Biopython

Open your terminal or command prompt. Run:
pip install biopython
Verify installation:

python -c "import Bio; print(Bio. ersion. »
} )

If this works, Biopython is ready.

5. Reading FASTA Files the Manual Way (Reminder)

Previously, you did something like: with open("sequences.txt") as file: for line in file: .... This
works but assumes: clean formatting, no edge cases, no multiline sequences. Real FASTA files are more complex.

6. Practice: Read Sequences Using Biopython SeqlO
Create a FASTA file example.fasta:

>seql ATGCGTAC
>seq2
GGCCTTAA

Now create day13_biopython_intro.py:

from Bio import SeqlO
for record in Seql0.parse("example.fasta", "fasta"):
print("ID:", record.id)
print ("Sequence:", record.seq)
print ("Length:", len(record.seq))
print ()

Run the script.
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7. What Just Happened Biologically

Biopython: correctly read FASTA structure, separated identifiers and sequences, handled formatting safely. You
focused on: sequence identity, length, and interpretation. This is the correct division of responsibility.

8. Seq Objects Are Still Biological Strings

Important detail: record.seq is a Seq object, not a plain string. But: it behaves like a string, it preserves biological
meaning, and it enables biological methods later (translation, complements). Biopython adds biology on top of
Python, not instead of it.

9. Why This Matters in Real Workflows

In real pipelines: FASTA files may be huge, sequences may span multiple lines, headers may contain metadata. Manual
parsing is risky. Biopython ensures: correctness, reproducibility, and focus on biology.

Explanation

Day 13 — Introduction to Biopython: Stop Reinventing the Wheel
Welcome back to my 20-day Python short course for biologists!

For the past 12 days, you've written everything yourself — reading files, parsing sequences, counting bases, looping and
filtering. That was GOOD. It built your understanding. But in real bioinformatics workflows, rewriting everything
from scratch would be long, repetitive, and error-prone.

Today, we meet Biopython — the most important library in bioinformatics.
The key insight: Libraries do NOT replace biological thinking. They remove unnecessary technical complexity.

Biopython exists to: Handle biological formats correctly (FASTA, FASTQ, GenBank) Provide biologically meaningful
objects Reduce technical noise so you can focus on BIOLOGY

What is a Library? A Python library is pre-written, tested code that solves common problems.

Think of it this way: - You could build a chair from scratch. But if someone already made a good chair, why not use
it? - Biopython is like a toolkit of pre-built, tested, reliable biological tools.

Everything you learned so far still applies: - Loops - Conditionals - Dictionaries - Biological logic
Biopython just makes the repetitive parts easier.

What you’ll learn today: What libraries are and why they exist Why rewriting parsers every time wastes effort
What Biopython actually provides How to install Biopython How to read FASTA files using Biopython’s SeqIO What
just happened biologically when you use Biopython What Seq objects are (and why they matter) Why Biopython is
essential for real workflows

Why Libraries Exist in Bioinformatics Biological data is: Complex Structured Standardized (FASTA, FASTQ,
GenBank, etc.)

Rewriting parsers and utilities every time: Wastes effort Introduces bugs Distracts from biological questions

Biopython exists to handle biological formats correctly so you can think about BIOLOGY, not file
parsing.

What Biopython Actually Provides Biopython gives you: Sequence objects (DNA, RNA, protein) FASTA /FASTQ
parsers (no more writing your own) Translation tools (codon to amino acid) Access to biological databases (NCBI,
etc.) Alignment and analysis utilities

But remember — it still uses loops, conditionals, dictionaries, and biological logic. Everything you learned still applies.
Biopython adds biology on top of Python, not instead of it.

Practice Exercises (Try on your computer):
Exercise 1: Install Biopython Open your terminal or command prompt. Run: pip install biopython

Verify the installation worked: python -¢ ”import Bio; print(Bio.version)“

If you see a version number, Biopython is ready to use.
Exercise 2: Create a FASTA File Create a text file called ”example.fasta” with the following content:
iseql iseq2
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This is a simple FASTA file with two sequences.

Exercise 3: Read Sequences Using Biopython SeqlO Create a Python script. Import SeqlO from Bio: from
Bio import SeqlO

Use a for loop to parse your FASTA file: for record in SeqlO.parse(” example.fasta”, ”fasta”): print(”ID:”, record.id)
print(”Sequence:”, record.seq) print(”Length:”, len(record.seq)) print()

Run the script.

What Just Happened Biologically? Biopython did the hard work for you: Correctly read FASTA structure
Separated identifiers (headers) from sequences Handled formatting safely (even if sequences span multiple lines)

You focused on what matters: Sequence identity (what is this sequence called?) Length (how long is it?) Biological
interpretation

This is the correct division of responsibility.
What Are Seq Objects? When you access record.seq, you get a Seq object, not a plain string.

But here’s the good news: - It behaves like a string - It preserves biological meaning - It enables powerful biological
methods later (translation, complements, reverse complement)

Biopython adds biology on top of Python, not instead of it.

Why This Matters in Real Workflows In real bioinformatics pipelines: FASTA files may be HUGE (gigabytes
of data) Sequences may span multiple lines Headers may contain complex metadata

Manual parsing is risky. One mistake and your results are wrong.

Biopython ensures: Correctness (tested by thousands of users) Reproducibility (same results every time) Focus
on biology (not file parsing)

The Bottom Line: You learned to write everything yourself. That built your understanding.
Now it’s time to use tools that let you focus on BIOLOGY, not repetitive code.

Libraries do NOT replace biological thinking. They remove unnecessary technical complexity.
Biopython adds biology on top of Python, not instead of it.

Everything you learned — loops, conditionals, dictionaries, biological logic — still applies. Biopython just makes the
hard parts easier.

Swipe to see the full Day 13 guide.

Tag a biologist who needs to discover Biopython!
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Day 14 — Biopython Sequence Objects

Technical Content

1. Concept: Seq Objects
In Biopython, sequences are not plain strings. They are Seq objects — data structures designed with biology in mind.

Basic idea:

from Bio.Seq import Seq
dna = Seq("ATGCGT")

From programming: Seq behaves like a string, supports slicing and iteration. From bioinformatics: Seq understands
biological rules, knows how to complement, transcribe, and translate. This is code that respects chemistry.
2. Biological Focus: Sequence Behavior with Biological Awareness

A string does not know: what a codon is, what a stop codon means, how transcription works. A Seq object does. That
difference matters. For example: translation obeys codon tables, stop codons terminate proteins, reverse complements
follow base-pair rules. You are no longer forcing biology into syntax. You are using tools built to honor it.

3. Why Seq Objects Matter

Using strings for biology is like: using a ruler to measure temperature, or using a microscope to hear sound. It can
work sometimes, but it’s wrong by design. Seq objects: reduce conceptual errors, make code self-documenting, encode
biological assumptions explicitly. Libraries exist so you don’t reinvent biology incorrectly.

4. Practice: Create and Slice Seq Objects

from Bio.Seq import Seq

dna = Seq("ATGGCCATTGTAATGGGCCGCTGAAAGGGTGCCCGATAG")
print(dnal[0:3]) # first codon

print(dnal[3:6]) # second codon

Biological meaning: You are slicing codons, not characters. Reading frame suddenly matters. Off-by-one errors
become biologically visible. Indices now have consequences.

5. Practice: Translate DNA — Protein

protein = dna.translate()
print (protein)

What just happened? Codons were grouped correctly, stop codons were respected, protein sequence emerged
automatically. This is biological intelligence embedded in software.
6. Understanding Translation Behavior

Key details that matter: Translation uses the standard genetic code by default. Stop codons appear as *. Partial
codons at the end may raise warnings. You are protected from: translating non-triplet sequences blindly, forgetting
stop codons, using the wrong reading frame accidentally. Protection is not limitation. It’s discipline.

7. Seq Objects vs Strings in Real Pipelines

Professional pipelines rely on Seq objects because: they preserve biological intent, they integrate with FASTA, Gen-
Bank, and annotations, and they reduce accidental misuse of raw text. Strings are raw material. Seq objects
are biological entities.
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Explanation

Day 14 — Biopython Sequence Objects: Moving Beyond Raw Strings
Welcome back to my 20-day Python short course for biologists!

Yesterday you met Biopython. Today you learn about its heart — Seq objects. This is where Python stops treating
your DNA as plain text and starts respecting the biology.

The key insight: A string does not know: What a codon is What a stop codon means How transcription works
A Seq object does.
That difference matters. You are no longer forcing biology into syntax. You are using tools built to honor it.

What Are Seq Objects? In Biopython, sequences are not plain strings. They are Seq objects — data structures
designed with biology in mind.

From a programming view: - Seq behaves like a string - Supports slicing and iteration
From a bioinformatics view: - Seq understands biological rules - Knows how to complement, transcribe, and translate
This is code that respects chemistry.

What you’ll learn today: What Seq objects are and why they matter How Seq objects differ from plain strings
Why using strings for biology is like using a ruler to measure temperature How to create and slice Seq objects How
to translate DNA to protein with one line of code What happens when you translate (codons, stop codons, reading
frames) Why Seq objects protect you from common biological errors How professional pipelines rely on Seq objects

Why Seq Objects Matter Using strings for biology is like:  Using a ruler to measure temperature Using a
microscope to hear sound

It can work sometimes, but it’s wrong by design.

Seq objects: Reduce conceptual errors Make code self-documenting Encode biological assumptions explicitly
Libraries exist so you don’t reinvent biology incorrectly.

Practice Exercises (Try on your computer):

Exercise 1: Create and Slice Seq Objects Import Seq from Bio.Seq: from Bio.Seq import Seq

Create a DNA sequence as a Seq object: dna = Seq(” )

Now slice it just like you would a string: - Print positions 0 to 3 (the first codon) - Print positions 3 to 6 (the second
codon)

Biological meaning: You are slicing codons, not characters. Reading frame suddenly matters. Off-by-one errors become
biologically visible. Indices now have real biological consequences.

Exercise 2: Translate DNA to Protein Take the same Seq object. Translate it to protein using one line: protein
= dna.translate()

Print the protein sequence.

What just happened? - Codons were grouped correctly (every three bases) - Stop codons were respected - A protein
sequence emerged automatically

This is biological intelligence embedded in software. One line of code. No manual codon tables. No complex logic.
Biopython handles the biology so you can focus on the science.

Understanding Translation Behavior Key details that matter for real science:

Translation uses the standard genetic code by default (the same code used by nature) Stop codons appear as an
asterisk (*) in the protein sequence Partial codons at the end of the sequence may raise warnings

You are protected from: Translating non-triplet sequences blindly Forgetting about stop codons Using the wrong
reading frame accidentally

Protection is not limitation. It’s discipline.

Seq Objects vs Strings: A Comparison

Aspect Plain String Seq Object
Knows what a codon is? No Yes
Can translate DNA to protein?  No Yes
Knows about stop codons? No Yes
Respects base-pair rules? No Yes
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Strings are raw material. Seq objects are biological entities.
Why This Matters in Real Pipelines Professional bioinformatics pipelines rely on Seq objects because:

They preserve biological intent (your code says what you mean) They integrate with FASTA, GenBank, and annota-
tions They reduce accidental misuse of raw text

A Seq object is not just a string with a fancy name. It is a fundamentally different way of representing biological data
— one that understands the rules of life.

The Bottom Line: A string does not know what a codon is. A Seq object does.

Using strings for biology works sometimes, but it’s wrong by design.

Seq objects: - Reduce conceptual errors - Make code self-documenting - Encode biological assumptions explicitly
Strings are raw material. Seq objects are biological entities.

Libraries exist so you don’t reinvent biology incorrectly.

Protection is not limitation. It’s discipline.

Swipe to see the full Day 14 guide.

Tag a biologist who needs to move beyond raw strings!

40



Day 15 — Annotations & Metadata

Technical Content

1. Concept: Structured Biological Information

In Python, we’ve learned how to work with strings, lists, dictionaries, and objects. Annotations and metadata are
structured information layered on top of raw data. In bioinformatics, sequences alone are rarely sufficient. What
matters is: what the sequence represents, where it comes from, and how it is described biologically.

2. Biological Focus: Sequences Need Context

A sequence like ATGCGTACGTTAGC means nothing by itself. Its meaning depends on: gene name, organism, genomic
location, function, and experimental conditions. Without this context: interpretation is impossible, comparisons are
meaningless, and conclusions are unreliable.

3. Where Annotations Come From

Annotations are found in: FASTA headers, GenBank files, GFF/GTF features, and database records. They describe
biological features, not code behavior.

4. Practice: Reading Annotations With Biopython

Create a FASTA file annotated.fasta:

>genel description=hypothetical protein organism=E_coli
ATGCGTACGTTAGC
>gene2 description=transcription_factor organism=Human
ATGAAAGGCTTAA

5. Access Metadata Using SeqlO

Create dayl15_annotations_metadata.py:

from Bio import SeqlO

for record in SeqlIO.parse("annotated.fasta", "fasta"):
print("ID:", record.id)
print("Description:", record.description)
print("Sequence:", record.seq)
print )

6. Biological Meaning of These Fields

record.id — unique identifier. record.description — functional and biological context. record.seq — raw biological
sequence. These fields together represent a biological entity.

7. Practice: Store Metadata Explicitly
Extend:

for record in SeqIO.parse("annotated.fasta", "fasta"):
metadata = {
"id": record.id,
"description": record.description,
"length": len(record.seq)

}

print(metadata)

This mirrors how annotation tables are built, metadata is preserved during analysis, and biological meaning is retained.
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8. Why Annotation Handling Matters

Many beginner analyses fail because: metadata is discarded, IDs are overwritten, and sequences are separated from
context. A result without annotation cannot be traced, validated, or interpreted. Good pipelines protect metadata
as carefully as sequence data.

9. Connecting to Real Workflows

In real bioinformatics: annotations drive filtering, metadata defines comparisons, and features determine downstream
analysis. Raw sequence processing is only the first step.

Explanation

Day 15 — Annotations & Metadata: Sequences Need Context
Welcome back to my 20-day Python short course for biologists!

Today we learn something that separates beginners from professionals. You've been working with sequences. But
sequences alone are rarely sufficient. A string of letters like means nothing by itself. Its meaning
depends on context.

The key insight: A sequence without annotation is just data. A sequence with annotation is knowledge.
What matters is: What the sequence represents Where it comes from How it is described biologically
Without this context: interpretation is impossible, comparisons are meaningless, and conclusions are unreliable.

What Are Annotations and Metadata? Annotations and metadata are structured information layered on top
of raw data.

Think of it this way: - The sequence tells you WHAT the letters are - The annotation tells you WHAT IT MEANS

For example, a sequence like could be: - A gene called TP53 in humans - A regulatory element in
bacteria - A contamination from another organism

The sequence is the same. The annotation changes everything.

What you’ll learn today: Why sequences need context to have meaning Where annotations come from (FASTA
headers, GenBank, GFF/GTF) How to read annotations using Biopython’s SeqIO What record.id and record.description
represent biologically How to store metadata explicitly in dictionaries Why metadata is as important as sequence
data How beginner analyses fail by discarding annotations How real workflows protect metadata

Where Annotations Come From In real bioinformatics, annotations are found in:

FASTA headers (the lines that start with ”;”) GenBank files (rich annotation formats) GFF/GTF features (genome
annotations) Database records (NCBI, Ensembl, UniProt)

These describe biological features, not code behavior. They tell you: - Which gene is this? - Which organism does it
come from? - What is its function? - Where is it located in the genome?

Practice Exercises (Try on your computer):

Exercise 1: Create an Annotated FASTA File Create a FASTA file called ”annotated.fasta” with the following
content:

jgenel description=hypothetical_protein organism=FE_coli jgene2 description=transcription_factor
organism=Human

Notice that the headers now contain metadata — descriptions, organisms, and other information that gives biological
context to the sequences.

Exercise 2: Access Metadata Using Biopython SeqlO Write a script that: - Imports SeqlO from Bio - Parses
your annotated FASTA file - For each record, prints: - The record ID (the identifier) - The description (the metadata)
- The sequence (the raw data)

Run the script.

What you’ll see: Each sequence now comes with its biological context attached. The ID tells you what it’s called. The
description tells you what it is. The sequence tells you what it’s made of.

Exercise 3: Store Metadata Explicitly Extend your script. For each record: - Create a dictionary called "meta-
data” - Store the record ID, description, and sequence length in the dictionary - Print the dictionary

Why this matters: This mirrors how real bioinformatics pipelines work. Metadata is preserved during analysis.
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Biological meaning is retained. You can trace your results back to their source.

Biological Meaning of These Fields Let’s decode what Biopython gives you:

record.id — The unique identifier for this sequence (like a name or accession number)
record.description — Functional and biological context (what this sequence is, where it comes from)
record.seq — The raw biological sequence (the actual DNA letters)

These three fields together represent a complete biological entity. Without any one of them, you lose critical informa-
tion.

Why Annotation Handling Matters Many beginner analyses fail because:

Metadata is discarded (you lose the source of the data) IDs are overwritten (you can’t trace results back) Sequences
are separated from context (you don’t know what you're looking at)

A result without annotation cannot be: - Traced back to its source - Validated by others - Interpreted correctly
Good pipelines protect metadata as carefully as sequence data.
Connecting to Real Workflows In real bioinformatics:

Annotations drive filtering (keep only genes from a specific organism) Metadata defines comparisons (compare tumor
vs normal samples) Features determine downstream analysis (look at exons only)

Raw sequence processing is only the first step.

The real science happens when you connect sequences to their biological context. That’s what annotations and
metadata enable.

The Bottom Line: A sequence without annotation is just data. A sequence with annotation is knowledge.
Without context: Interpretation is impossible Comparisons are meaningless Conclusions are unreliable

A result without annotation cannot be traced, validated, or interpreted.

Good pipelines protect metadata as carefully as sequence data.

Raw sequence processing is only the first step. The real science comes from understanding the context.
Swipe to see the full Day 15 guide.

Tag a biologist who needs to understand why context matters!
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Day 16 — Simple Sequence Analysis Workflow

Technical Content

1. Concept: Combining Steps

A workflow is not a script that runs. It is a chain of reasoning. In Python terms: read input, apply rules, transform
data, produce output. In bioinformatics terms: accept raw biology, filter uncertainty, measure properties, preserve
results. Each step exists because biology demanded it.

2. Biological Focus: End-to-End Thinking

Real biological analysis never asks: "How do I calculate GC content?” It asks: ”How does raw sequence data become
interpretable biology?” That means thinking in stages: where does the data come from? What should be excluded?
What properties matter? What form should results take? Pipelines are biological stories with logic, told step
by step.

3. Why Workflows Matter More Than Individual Skills

You can know loops, conditionals, functions, FASTA, and edge cases — and still fail at bioinformatics if you can’t
connect them. Most real-world mistakes happen between steps, not inside them. Strong workflows: make assumptions
explicit, prevent silent errors, and are easy to explain and defend. Clarity beats cleverness.

4. Practice: Read FASTA — Filter — Analyze — Write Output

Create day16_input.fasta:

>seql ATGCGTNNNCG

>seq2 ATAT
>seq3
GGGCCCGGG

>seq4 nnnnnn
Now create day16_workflow.py.

5. Step 1: Define Biological Rules as Functions

def gc_content(sequence) :
sequence = sequence.upper().replace("N", "")
if len(sequence) == 0: return None
gc = (sequence.count("G") + sequence.count("C")) / len(sequence) * 100
return gc

Biological meaning: Ns are excluded, empty or ambiguous sequences are rejected, GC logic is defined once and
trusted everywhere.
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6. Step 2: Read and Parse FASTA

input_fasta = "dayl6_input.fasta"
min_length = 6
results = []
header = None
sequence = ""
with open(input_fasta) as file:
for line in file:
line = line.strip()
if line.startswith(">"):
if header: results.append((header, sequence))
header = line[1:]
sequence = ""
else: sequence += line
if header: results.append((header, sequence))

Biological meaning: Headers define identity, sequences are reconstructed faithfully, multiline logic is respected.
7. Step 3: Filter and Analyze Sequences

final data = []
for header, seq in results:
if len(seq) < min_length: continue
gc = gc_content (seq)
if gc is None: continue
final data.append((header, len(seq), gc))

Biological meaning: Short sequences are filtered out, ambiguous data is skipped honestly, only biologically mean-
ingful entries survive. This is quality control, not cruelty.

8. Step 4: Write Output

output_file = "dayl6_results.txt"
with open(output_file, "w") as out:
out.write("ID\tLength\tGC_Content\n")
for header, length, gc in final_ data:
out.write(f"{header}\t{length}\t{gc:.2f}\n")

Biological meaning: Results are structured, reproducible, and ready for downstream analysis or visualization.
This workflow: reads real biological data, applies biologically justified thresholds, handles messy inputs safely, and
produces clean, interpretable output.

Explanation

Day 16 — Simple Sequence Analysis Workflow: Connecting Everything You’ve Learned
Welcome back to my 20-day Python short course for biologists!

For the past 15 days, you've learned individual skills — loops, conditionals, functions, FASTA parsing, edge cases,
Biopython, annotations. Today, you connect everything into a REAL workflow. This is where individual skills become
bioinformatics.

The key insight: A workflow is not a script that runs. It is a chain of reasoning.

You can know loops, conditionals, functions, FASTA, and edge cases — and still fail at bioinformatics if you can’t
connect them.

Most real-world mistakes happen BETWEEN steps, not inside them.

Clarity beats cleverness.
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What Is a Workflow? In Python terms: Read input Apply rules Transform data Produce output
In bioinformatics terms: Accept raw biology Filter uncertainty Measure properties Preserve results
Each step exists because BIOLOGY demanded it.

What you’ll learn today: Why a workflow is a chain of reasoning, not just a script How to think end-to-end about
biological analysis Why workflows matter more than individual skills How to define biological rules as functions How
to read and parse FASTA files manually How to filter sequences by length and quality How to analyze sequences and
calculate GC content How to write clean, structured output Why clarity beats cleverness in bioinformatics

The Workflow Pipeline Today you will build a complete pipeline that does this:
INPUT — PROCESSING — OUTPUT

Step 1: Define Biological Rules (Functions) Write a function that calculates GC content. It should: - Con-
vert everything to uppercase - Remove Ns (unknown bases) - Skip empty or ambiguous sequences - Return the GC
percentage or None if invalid

Biological meaning: Ns are excluded. Empty or ambiguous sequences are rejected. GC logic is defined once and
trusted everywhere.

Step 2: Read and Parse FASTA Read your FASTA file manually. For each line: - If it starts with ”;”, this is a
header (store it) - If it doesn’t start with ”;”, this is sequence data (add to current sequence) - Reconstruct sequences
that span multiple lines

Biological meaning: Headers define identity. Sequences are reconstructed faithfully. Multiline logic is respected.

Step 3: Filter and Analyze Sequences For each sequence you parsed: - Check if the length meets your minimum
threshold (example: 6 bases) - If too short, skip it (filter out) - Calculate GC content using your function - If GC
content is None (invalid sequence), skip it - Store the header, length, and GC content for valid sequences

Biological meaning: Short sequences are filtered out. Ambiguous data is skipped honestly. Only biologically meaningful
entries survive.

This is quality control, not cruelty.

Step 4: Write Output Write your results to a new file with columns: - ID (the sequence header) - Length (number
of bases) - GC_Content (percentage)

Biological meaning: Results are structured, reproducible, and ready for downstream analysis or visualization.
Practice Exercises (Try on your computer):

Exercise 1: Create a Messy FASTA File Create a file called ”day16_input.fasta” with the following content:
iseql iseq2 .seq3 iseqd

Notice this file has real biological messiness: - Ns (unknown bases in seql) - Short sequences (seq2 is only 4 bases) -
Lowercase bases (seq4 is all lowercase Ns) - Sequences with different lengths

This mimics real biological data.

Exercise 2: Build Your Workflow Step by Step Write a script that does the following:

Part A: Define your GC content function - Takes a sequence as input - Converts to uppercase - Removes all Ns
- If sequence becomes empty, return None - Calculate (G + C) / length * 100 - Return the result
Part B: Parse the FASTA file - Open the input file - Track current header and current sequence - When you see a

line starting with ”;”, save the previous record and start a new one - Otherwise, add the line to the current sequence
- Don’t forget to save the last record after the loop ends

Part C: Filter and analyze - Set a minimum length threshold (try 6) - For each sequence, check if it meets the
length threshold - Calculate GC content using your function - If GC content is None, skip it - Store valid records

Part D: Write output - Open an output file for writing - Write a header row: ID, Length, GC_Content - Write each
valid record as a new row

Exercise 3: Run Your Workflow Run your complete script. Open the output file. You should see only the
sequences that passed all filters.

Which sequences survived? - seql ( ): Contains Ns; but after removing Ns, it has valid bases - seq2 ( ):
Too short (only 4 bases, threshold is 6) — filtered out - seq3 ( ): Clean sequence, good length — survives -
seqd ( ): All Ns, after removal becomes empty — skipped

This is exactly how real quality control works in bioinformatics pipelines.
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Why Workflows Matter More Than Individual Skills You can know: Loops Conditionals Functions FASTA
parsing Edge case handling

...and still fail at bioinformatics if you can’t connect them.

Most real-world mistakes happen BETWEEN steps, not inside them.

Strong workflows: Make assumptions explicit Prevent silent errors Are easy to explain and defend
Clarity beats cleverness.

End-to-End Thinking Real biological analysis never asks: ”How do I calculate GC content?”

It asks: ”How does raw sequence data become interpretable biology?”

That means thinking in stages: - Where does the data come from? - What should be excluded? - What properties
matter? - What form should results take?

Pipelines are biological stories with logic, told step by step.

The Bottom Line: A workflow is not a script that runs. It is a chain of reasoning.
You can know every individual skill and still fail if you can’t connect them.

Most real-world mistakes happen BETWEEN steps, not inside them.

What your workflow today accomplished: Reads real biological data (messy FASTA) Applies biologically
justified thresholds (minimum length) Handles messy inputs safely (Ns, lowercase, empty sequences) Produces clean,
interpretable output (structured results)

Clarity beats cleverness. Pipelines are biological stories told step by step.
Swipe to see the full Day 16 guide.
Tag a biologist who needs to build their first workflow!
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Day 17 — Quality Control Thinking

Technical Content

1. Concept: Validation

Validation means checking whether data meets minimum standards before trusting results. From programming: inputs
are tested against rules, outputs are accepted or flagged. From bioinformatics: biological data earns the right to be
interpreted. Not everything that exists should be analyzed. Validation is the gatekeeper between raw data and
conclusions.

2. Biological Focus: Trusting Results

Biological analysis is only as reliable as the data allowed through. Poor-quality sequences lead to: false GC patterns,
incorrect gene predictions, and misleading evolutionary conclusions. Trust is not automatic. It is earned through
quality checks. If you don’t validate early, every downstream result becomes suspect.

3. Quality Metrics Are Biological Judgments

Common QC metrics include: sequence length, GC content range, ambiguous base frequency, and coverage or depth.
These are not arbitrary numbers. They reflect: sequencing chemistry, genome composition, and experimental design.
Python enforces rules. You decide whether the rules make biological sense.

4. Practice: Define QC Rules

Create day17 quality_control.py. Define your biological thresholds:
min_length = 8
min_gc = 30
max_gc = 70
These numbers are hypotheses, not truths. They reflect what you believe is acceptable biology.

5. Practice: Flag Sequences Based on Length and GC

def gc_content(sequence) :
sequence = sequence.upper () .replace("N", "")
if len(sequence) == 0: return None
return (sequence.count("G") + sequence.count("C")) / len(sequence) * 100

sequences = {

"seql": "ATGCGTAC", "seq2": "ATATATAT",
"seq3": "GGGCCCGGG", "seq4": "NNNNNNNN",
"seq5": "ATGC"

}

for seq.-id, seq in sequences.items():
gc = gc_content(seq)
if len(seq) < min_length: status = "FAIL_LENGTH"
elif gc is None: status = "FAIL_AMBIGUQOUS"
elif gc < min_gc or gc > max_gc: status = "FAIL_GC"
else: status = "PASS"
print(seq-id, "-=", status)

6. Biological Meaning of Flagging

This code does not delete data. It labels it. That distinction matters. Flagging allows transparency and auditing, and
re-evaluation with different thresholds. Professional pipelines almost never discard silently. They document
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every decision.

7. Why QC Thinking Separates Analysts from Script-Runners

Beginners: analyze everything, trust output blindly, explain results confidently. Professionals: distrust data
by default, justify every inclusion, explain uncertainty clearly. QC is not about rejecting data. It is about
protecting conclusions.

Explanation

Day 17 — Quality Control Thinking: Why Trust Must Be Earned
Welcome back to my 20-day Python short course for biologists!

Today we talk about something that separates beginners from professionals — quality control thinking. Not just
writing QC code, but THINKING like someone who knows that not everything should be analyzed.

The key insight: Validation is the gatekeeper between raw data and conclusions.

Trust is not automatic. It is earned through quality checks.

If you don’t validate early, every downstream result becomes suspect.

What Is Validation? Validation means checking whether data meets minimum standards BEFORE trusting results.
From a programming view: Inputs are tested against rules Outputs are accepted or flagged

From a bioinformatics view: Biological data earns the right to be interpreted Not everything that exists should be
analyzed

Validation is the gatekeeper between raw data and conclusions.

What you’ll learn today: Why validation is the gatekeeper between data and conclusions How poor-quality
sequences lead to false conclusions Why quality metrics are biological judgments, not arbitrary numbers How to
define biological thresholds (length, GC range) How to flag sequences based on multiple QC rules Why flagging is
better than deleting data How QC thinking separates analysts from script-runners Why trust must be earned through
quality checks

Why Trusting Results Is Hard Biological analysis is only as reliable as the data allowed through.

Poor-quality sequences lead to: False GC patterns (you think you see something that isn’t there) Incorrect gene
predictions (missing real genes or finding fake ones) Misleading evolutionary conclusions (comparing garbage data)

Trust is not automatic. It is earned through quality checks.
If you don’t validate early, every downstream result becomes suspect. A beautiful plot based on bad data is still wrong.

Quality Metrics Are Biological Judgments Common QC metrics include: Sequence length GC content range
Ambiguous base frequency (Ns) Coverage or depth

These are not arbitrary numbers. They reflect: - Sequencing chemistry - Genome composition - Experimental
design

Python enforces rules. YOU decide whether the rules make biological sense.

The numbers you choose (min length = 8, min GC = 30, max GC = 70) are hypotheses, not truths. They reflect what
YOU believe is acceptable biology.

Practice Exercises (Try on your computer):

Exercise 1: Define Your QC Rules Write a script. Define your biological thresholds: - Minimum length: 8 bases
- Minimum GC content: 30- Maximum GC content: 70

These numbers are your hypotheses. A sequence shorter than 8 bases might be too unreliable. A sequence with GC
content below 30

Ask yourself: Why did you choose these numbers? Could you defend them to another scientist?

Exercise 2: Create a GC Content Function Write a function that: - Takes a sequence as input - Converts to
uppercase - Removes all Ns (unknown bases) - If the sequence becomes empty, returns None - Calculates GC content
as (G + C) divided by length times 100 - Returns the result

Exercise 3: Flag Sequences Based on Multiple Rules Create a dictionary of sequences with different char-
acteristics: - seql: 7 ” (clean, normal length) - seq2: ” 7 (AT-rich, low GC) - seq3: ” ”
(GC-rich, high GC) - seq4: ” 7 (all Ns, completely ambiguous) - seq5: ” ” (too short, only 4 bases)
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For each sequence: - Check length against minimum threshold - Calculate GC content - Check GC against min and
max thresholds - Assign a status: PASS, FAIL_LENGTH, FAIL_AMBIGUOUS, or FAIL_GC - Print the sequence ID
and its status

Understanding the Output Run your script. You should see something like:

seql — PASS (clean, good length, normal GC) seq2 — FAIL_GC (too AT-rich, low GC) seq3 — FAIL_GC (too
GC-rich, high GC) seq4 — FAIL_AMBIGUOUS (all Ns, no real bases) seq5 — FAIL_LENGTH (too short)

Notice: The code does NOT delete any data. It LABELS it.
Biological Meaning of Flagging This code does not delete data. It labels it.
That distinction matters.

Flagging allows: Transparency and auditing (you know what was excluded and why) Re-evaluation with different
thresholds (you can change your mind later)

Professional pipelines almost never discard silently. They document every decision.

If you delete data silently, no one knows it’s gone. If you label it as "FAIL_LENGTH” but keep it, you can always
re-evaluate with a different threshold.

Why QC Thinking Separates Analysts from Script-Runners

Beginners: Analyze everything Trust output blindly Explain results confidently

Professionals: Distrust data by default Justify every inclusion Explain uncertainty clearly

QC is not about rejecting data. It is about protecting conclusions.

The Hard Truth A beautiful plot based on bad data is still wrong.

You can have perfect Python code and still produce completely incorrect biology if you don’t validate your inputs.
Python enforces rules. You decide whether the rules make biological sense.

Your thresholds are hypotheses, not truths. They reflect what you believe is acceptable biology. Be prepared to defend
them.

The Bottom Line: Validation is the gatekeeper between raw data and conclusions.

Trust is not automatic. It is earned through quality checks.

QC is not about rejecting data. It is about protecting conclusions.

Beginners analyze everything and trust output blindly. Professionals distrust data by default and justify every inclusion.
Flag, don’t delete. Document every decision.

If you don’t validate early, every downstream result becomes suspect.

Swipe to see the full Day 17 guide.

Tag a biologist who needs to think more about quality control!
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Day 18 — Scaling From Toy to Real Data

Technical Content

1. Concept: Data Size Awareness

Code does not experience stress. Data does. Toy datasets are polite: small, clean, fast. Real biological datasets are:
large, redundant, messy, relentless. From programming: more data means more memory, more time, more I/O. From
bioinformatics: biology does not shrink to fit your laptop. Scaling begins with awareness, not optimization.

2. Biological Focus: Performance vs Correctness

There are two competing forces: correctness (results must be biologically valid) and performance (results must arrive
before the heat death of the universe). Toy code is often correct but slow. Fast code is often wrong if written carelessly.
Real bioinformatics lives in the narrow zone where biology remains correct and computation remains feasible. Speed
that distorts biology is useless. Correctness that never finishes is irrelevant.

3. Why Scaling Breaks Naive Code

Common scaling failures: reading entire files into memory, recomputing the same values repeatedly, printing excessively
inside loops, ignoring algorithmic cost. What worked for 10 sequences may collapse at 10 million. Biology didn’t change.
Your assumptions did.

4. Practice: Simulate Larger Sequence Sets

Create day18_scaling.py. Simulate a larger dataset:
sequences = ["ATGCGTACGTTAGC"] * 10000

This mimics: repeated reads, large FASTA files, high-throughput sequencing output. The biology is boring. The scale
is the lesson.

5. Practice: Run Existing Analysis at Scale

Reuse your trusted GC function:

def gc_content(sequence):
sequence = sequence.upper().replace("N", "")
if len(sequence) == 0: return None
return (sequence.count("G") + sequence.count("C")) / len(sequence) * 100

gc_values = []
for seq in sequences:
gc = gc_content(seq)
if gc is not None: gc_values.append(gc)

This code is: correct, simple, and already slower than you expect. That discomfort you feel is real biology knocking.

6. Observing Performance Without Breaking Biology

Key observations you should notice: runtime increases linearly with data size, memory fills if you store everything,
output slows everything down, debug prints become performance poison. Scaling teaches restraint: process, don’t
hoard; measure, don’t spam output; trust functions, not repetition. Correct pipelines stream data instead of
drowning in it.

7. Scaling Is About Design, Not Tricks

Professional pipelines scale by: processing sequences one at a time, writing results incrementally, avoiding unnecessary
recalculation, and preserving biological checks even under pressure. They do less, more carefully. Speed comes from
clarity, not cleverness.
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Explanation

Day 18 — Scaling From Toy to Real Data: When Biology Knocks on Your Laptop
Welcome back to my 20-day Python short course for biologists!

Today we talk about something most beginners ignore until it’s too late — scale. Your code works perfectly on 10
sequences. But what happens at 10 million? That discomfort you feel is real biology knocking.

The key insight: Code does not experience stress. Data does.

Toy datasets are polite: small, clean, fast.

Real biological datasets are: large, redundant, messy, relentless.

Biology does not shrink to fit your laptop. Scaling begins with awareness, not optimization.
Toy Data vs Real Data

Toy datasets are polite: Small Clean Fast

Real biological datasets are: Large (gigabytes or terabytes) Redundant (millions of similar reads) Messy (Ns,
lowercase, errors) Relentless (never ending)

What worked for 10 sequences may collapse at 10 million. Biology didn’t change. Your assumptions did.

What you’ll learn today: Why code that works on toy data breaks on real data The difference between correctness
and performance Why speed that distorts biology is useless Why correctness that never finishes is irrelevant How to
simulate larger datasets for testing Common scaling failures (memory, recomputation, printing) Why scaling teaches
restraint, not tricks How professional pipelines scale by design

The Competing Forces There are two forces that fight against each other:
Force 1: Correctness - Results must be biologically valid - No shortcuts that distort biology

Force 2: Performance - Results must arrive before the heat death of the universe - No one waits weeks for a slow
script

Toy code is often correct but slow. Fast code is often wrong if written carelessly.

Real bioinformatics lives in the narrow zone where: Biology remains correct Computation remains feasible
Speed that distorts biology is useless. Correctness that never finishes is irrelevant.

Why Scaling Breaks Naive Code Common scaling failures:

Reading entire files into memory - Fine for 100 sequences. Impossible for 100 million. - Your computer runs out
of RAM and crashes.

Recomputing the same values repeatedly - Fine for tiny datasets. Wasteful at scale. - Every second counts when
processing millions of items.

Printing excessively inside loops - Debug prints are helpful for 10 items. - They become performance poison at
10 million. - Printing slows everything down dramatically.

Ignoring algorithmic cost - Some operations look simple but are expensive. - At scale, hidden costs become visible.
Biology didn’t change. Your assumptions did.
Practice Exercises (Try on your computer):

”

Exercise 1: Simulate a Larger Dataset Take a single sequence: ” Create a list that repeats this

sequence 10,000 times.

What you just created mimics: - Repeated reads from sequencing - Large FASTA files - High-throughput sequencing
output

The biology is boring (same sequence over and over). The scale is the lesson.

Exercise 2: Run Your Existing Analysis at Scale Use the GC content function you’ve built in previous days.
Apply it to all 10,000 sequences. Collect the GC values for valid sequences.

This code is: - Correct (it does the right biology) - Simple (easy to understand) - Already slower than you expect
Run it. Feel how long it takes. That discomfort is real biology knocking.

Exercise 3: Observe Performance Pay attention to what happens:

Runtime increases with data size. Twice the data = twice the time.

Memory fills if you store everything. Don’t hoard data.
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Output slows everything down. Debug prints become poison.
CPU works harder. Your fan might spin up.

Scaling teaches restraint: - Process, don’t hoard (stream data instead of loading all at once) - Measure, don’t spam
output (skip prints inside loops) - Trust functions, not repetition (reuse, don’t rewrite)

Correct pipelines stream data instead of drowning in it.

Scaling Is About Design, Not Tricks Professional pipelines scale by:

Processing sequences one at a time - Not loading everything into memory - Streaming through files
Writing results incrementally - Not storing all results before writing - Appending to output files as you go

Avoiding unnecessary recalculation - Computing values once and reusing them - Not repeating expensive opera-
tions

Preserving biological checks even under pressure - No shortcuts that sacrifice correctness - Quality control at
any scale

They do less, more carefully.

The Discomfort Is Real That discomfort you feel — the slowness, the memory warning, the spinning fan — is real
biology knocking.

Biology does not shrink to fit your laptop.

What worked for 10 sequences may collapse at 10 million. Your code might be perfect. Your assumptions might be
wrong.

Scaling begins with awareness, not optimization. First, understand the problem. Then, design for scale.
The Bottom Line: Code does not experience stress. Data does.

Biology does not shrink to fit your laptop.

What worked for 10 sequences may collapse at 10 million. Biology didn’t change. Your assumptions did.
Speed that distorts biology is useless. Correctness that never finishes is irrelevant.

Real bioinformatics lives where biology remains correct AND computation remains feasible.

Speed comes from clarity, not cleverness. Scaling begins with awareness.

That discomfort you feel is real biology knocking. Listen to it.

Swipe to see the full Day 18 guide.

Tag a biologist who needs to think about scaling!
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Day 19 — Interpreting Results Biologically

Technical Content

1. Concept: Output Interpretation

Computers produce outputs. Scientists produce interpretations. From programming: the program ends when results
are printed. From biological view: the work begins when results appear. A number without context is not a result. It
is a hint. Interpretation is the act of connecting numbers to biology.

2. Biological Focus: Numbers — Meaning

Biological analyses generate quantities: GC content, length distributions, expression levels, read counts. These numbers
mean nothing by themselves. GC = 62% is not interesting. GC = 62% compared to what is interesting. Biology
lives in: comparisons, trends, deviations, and expectations. Meaning emerges only when numbers are placed side by
side.

3. Why Interpretation Is Not Optional

Many analyses fail not because code is wrong, but because: results are accepted at face value, biological context is
ignored, and variability is mistaken for signal. A clean table can still tell a false story. Interpretation asks: does this
align with known biology? Is this within expected range? What alternative explanations exist? Python cannot ask
these questions. You must.

4. Practice: Compare Results Across Samples

Create day19_interpretation.py:

samples = {
"sample A": [52.1, 53.0, 51.8, 52.5],
"sample B": [38.2, 40.1, 39.5, 37.9],
"sample C": [65.4, 66.1, 64.9, 65.8]

}

Each list represents GC content from multiple sequences in one sample.

5. Summarize Before You Interpret

def average(values):
return sum(values) / len(values)

for sample, gc_values in samples.items():
avg._gc = average(gc_values)
print(sample, "average GC:", avg gc)

Numbers are now condensed. Patterns can emerge.

6. Biological Interpretation of These Results

Now the scientist wakes up. Possible interpretations:

e Sample A clusters around 52% — typical genomic GC
e Sample B is GC-poor — possible AT-rich organism or region
e Sample C is GC-rich — potential bacterial genome or coding-dense region

These are hypotheses, not conclusions. Interpretation is provisional by nature. It invites scrutiny, not
certainty.
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7. Comparing Is Stronger Than Reporting

Reporting says: ”"Here are my numbers.” Interpreting says: ”Here is what they suggest biologically — and what
they might also be.” Strong analyses: compare samples, reference known expectations, and acknowledge uncertainty.
Confidence without context is noise.

8. Common Interpretation Traps

Even correct analyses can mislead when: sample sizes differ, outliers dominate averages, biological variability is ignored,
and technical bias is mistaken for biology. Interpretation requires humility. Numbers do not argue back —
but biology will.

Explanation

Day 19 — Interpreting Results Biologically: Numbers Mean Nothing Alone
Welcome back to my 20-day Python short course for biologists!

Today we reach the most important step — interpretation. You have learned to write code, process sequences, filter
data, and scale analyses. But none of that matters if you cannot interpret the results. A number without context is
not a result. It is a hint.

The key insight: Computers produce outputs. Scientists produce interpretations.
From a programming view: The program ends when results are printed.

From a biological view: The work BEGINS when results appear.

Interpretation is the act of connecting numbers to biology.

Numbers Mean Nothing Alone Biological analyses generate quantities: GC content Length distributions Ex-
pression levels Read counts

These numbers mean nothing by themselves.

GC = 62% is NOT interesting. GC = 62% COMPARED TO WHAT is interesting.
Biology lives in: Comparisons Trends Deviations Expectations

Meaning emerges only when numbers are placed side by side.

What you’ll learn today: Why the work begins when results appear, not when code finishes Why a number
without context is just a hint How meaning emerges from comparisons, not single values Why interpretation is not
optional How to summarize results before interpreting How to compare results across samples The difference between
reporting and interpreting Common interpretation traps that mislead even correct analyses

Why Interpretation Is Not Optional Many analyses fail not because code is wrong, but because:
Results are accepted at face value Biological context is ignored Variability is mistaken for signal
A clean table can still tell a false story.

Interpretation asks: Does this align with known biology? Is this within expected range? What alternative
explanations exist?

Python cannot ask these questions. YOU must.
Practice Exercises (Try on your computer):

Exercise 1: Create a Dataset to Compare Create a dictionary called ”samples” with three samples. Each sample
contains a list of GC content values from multiple sequences:

- Sample A: [52.1, 53.0, 51.8, 52.5] - Sample B: [38.2, 40.1, 39.5, 37.9] - Sample C: [65.4, 66.1, 64.9, 65.8]
Each number represents the GC percentage of one sequence in that sample.

Exercise 2: Summarize Before You Interpret Write a function called ”average” that takes a list of numbers and
returns their average.

Loop through each sample. For each sample: - Calculate the average GC content - Print the sample name and its
average GC

Now the numbers are condensed. Patterns can emerge.
Exercise 3: Interpret What You See Now look at your results. Ask yourself:
Sample A averages around 52%. What does this suggest? (Typical genomic GC for many organisms)
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Sample B averages around 39%. What does this suggest? (GC-poor — possibly an AT-rich organism or region)

Sample C averages around 65%. What does this suggest? (GC-rich — potential bacterial genome or coding-dense
region)

Important: These are hypotheses, not conclusions. Interpretation is provisional by nature. It invites scrutiny, not
certainty.

Comparing Is Stronger Than Reporting

Reporting says: "Here are my numbers. Sample A: 52.4%, Sample B: 38.9%, Sample C: 65.6%.”
Interpreting says: ”"Here is what they suggest biologically — and what they might also be.”
Strong analyses: Compare samples to each other Reference known biological expectations Acknowledge uncertainty
Confidence without context is noise.

Common Interpretation Traps Even correct analyses can mislead when:

Sample sizes differ (comparing 10 sequences to 1000 sequences is unfair)

Outliers dominate averages (one extreme value can distort the story)

Biological variability is ignored (living systems are variable by nature)

Technical bias is mistaken for biology (a machine error looks like a real signal)
Interpretation requires humility.

Numbers do not argue back — but BIOLOGY will.

What Real Interpretation Looks Like

Weak interpretation: ”Sample B has low GC content (38.9%).”

Strong interpretation: ”Sample B shows consistently lower GC content (avg 38.9%, range 37.9-40.1%) compared
to Sample A (avg 52.4%). This suggests an AT-rich organism or genomic region. However, we must consider possible
sequencing bias and confirm with biological replicates before concluding.”

Notice the difference: - The strong interpretation includes COMPARISON - It includes the RANGE, not just the
average - It acknowledges ALTERNATIVE explanations - It calls for FURTHER. validation

The Bottom Line: Computers produce outputs. Scientists produce interpretations.
A number without context is not a result. It is a hint.

GC = 62% is not interesting. GC = 62% compared to what IS interesting.
Meaning emerges from comparisons, trends, deviations, and expectations.

Interpretation asks: - Does this align with known biology? - Is this within expected range? - What alternative
explanations exist?

Python cannot ask these questions. YOU must.

Reporting says: ”Here are my numbers.” Interpreting says: ”Here is what they suggest biologically — and what they
might also be.”

Interpretation requires humility. Numbers do not argue back — but biology will.
Confidence without context is noise.
Swipe to see the full Day 19 guide.

Tag a biologist who needs to think more about interpretation!
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Day 20 — Organizing Code for Reuse

Technical Content

1. Concept: Script Structure

A script can run and still be wrong for science. Script structure answers: what is defined? What is executed? What
can be reused? What can be tested? From programming: code is divided into logical sections. From bioinformatics:
biological logic must be stable and repeatable. Structure is not decoration. It is a safeguard against chaos.

2. Biological Focus: Reproducibility

Reproducibility means: the same input gives the same output, the logic can be inspected, and the steps can be
explained. In bioinformatics, irreproducible code is equivalent to: missing methods, undocumented thresholds, and
unverifiable conclusions. Clean structure preserves scientific integrity.

3. Why Organization Matters More Than Cleverness

Messy code creates: hidden assumptions, accidental changes, and impossible debugging. Organized code: makes
biological decisions explicit, separates logic from execution, and allows safe modification. Your future collaborators
include: lab mates, reviewers, and you, six months from now. They deserve clarity.

4. Practice: Identify Reusable Biological Logic

Take a moment to notice repetition in earlier scripts: GC content calculation, FASTA parsing, length filtering, and QC
rules. If logic repeats, it belongs in a function. If functions repeat across scripts, they belong in a module. Reusability
is respect.

5. Practice: Refactor Code into Functions

Example refactor:

def gc_content(sequence):
sequence = sequence.upper().replace("N", "")
if len(sequence) == 0: return None
return (sequence.count("G") + sequence.count("C")) / len(sequence) * 100

def passes_qc(sequence, min_length, min_gc, max_gc):
if len(sequence) < min length: return False
gc = gc_content (sequence)
if gc is None: return False
return min_gc <= gc <= max_gc

Each function answers one biological question. No more. No less.
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6. Separate Definitions from Execution

def main():

sequences = {
"seql": "ATGCGTAC", "seq2": "ATATATAT",
"seq3": "GGGCCCGGG"

}
for seq-id, seq in sequences.items():
if passes_qc(seq, 8, 30, 70):
print(seq-id, "+ PASS")
else: print(seq._id, "= FAIL")

if _name__ == "__main__":
main()

Biological meaning: Logic is reusable, execution is controlled, importing this file won’t accidentally run analysis.
This is how science stays reproducible.

7. How Clean Code Supports Clean Science

Well-organized code: documents biological assumptions, makes thresholds visible, prevents silent behavior changes,
and encourages review and critique. Dirty code hides decisions. Clean code exposes them. Transparency is a
scientific virtue.

Day 20 Takeaway Clean code is not about aesthetics. It is about honesty and responsibility. When biological logic is
organized: results can be trusted, methods can be shared, and conclusions can be defended. Strong bioinformatics
code does not impress. It endures.

Explanation

Day 20 — Organizing Code for Reuse: The Final Lesson
Welcome to the final day of my 20-day Python short course for biologists!

You have learned to write code, parse FASTA files, calculate GC content, handle edge cases, use Biopython, validate
data, scale analyses, and interpret results. Today, we put it all together with the most important lesson — organizing
code for reuse and reproducibility.

The key insight: A script can run and still be wrong for science.
Clean code is not about aesthetics. It is about honesty and responsibility.
Structure is not decoration. It is a safeguard against chaos.

What Is Script Structure? Script structure answers: What is defined? What is executed? What can be reused?
What can be tested?

From a programming view: Code is divided into logical sections.
From a bioinformatics view: Biological logic must be stable and repeatable.
Structure is not decoration. It is a safeguard against chaos.

What you’ll learn today: Why script structure is a safeguard against chaos What reproducibility means in
bioinformatics Why irreproducible code = missing methods Why organization matters more than cleverness How
to identify reusable biological logic How to refactor code into functions How to separate definitions from execution
Why clean code supports clean science

Why Reproducibility Matters Reproducibility means: The same input gives the same output The logic can be
inspected The steps can be explained

In bioinformatics, irreproducible code is equivalent to: Missing methods Undocumented thresholds Unverifiable
conclusions

Clean structure preserves scientific integrity.
Why Organization Matters More Than Cleverness

Messy code creates: Hidden assumptions (you don’t know what the code is doing) Accidental changes (fixing one
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thing breaks another) Impossible debugging (you can’t find the problem)

Organized code: Makes biological decisions explicit Separates logic from execution Allows safe modification
Your future collaborators include: - Lab mates - Reviewers - YOU, six months from now

They deserve clarity.

The Problem with Repetition Take a moment to notice repetition in earlier scripts: - GC content calculation
appears many times - FASTA parsing logic repeats - Length filtering is copied - QC rules are rewritten

If logic repeats, it belongs in a function. If functions repeat across scripts, they belong in a module.
Reusability is respect.
How to Refactor Code into Functions

The wrong way: Copy-paste the same calculation everywhere. One typo = many wrong results. Fixing errors =
painful.

The right way: Write a function once. Use it everywhere. Change the logic in one place. Everything updates
automatically.

Each function should answer ONE biological question. No more. No less.

Examples of good functions: - A function that calculates GC content - A function that checks if a sequence passes QC
- A function that parses a FASTA file

Separate Definitions from Execution

The wrong way: Mixing function definitions with code that runs immediately. When you import the file, it starts
analyzing data unexpectedly.

The right way: Put all your function definitions at the top. Put your main execution logic inside a main() function.
Use ”if name main” to control when the code runs.

Biological meaning: Logic is reusable across projects Execution is controlled (nothing runs unless you want it to)
Importing this file won’t accidentally run analysis

This is how science stays reproducible.
How Clean Code Supports Clean Science

Well-organized code: Documents biological assumptions (the reader knows what you assume) Makes thresholds
visible (no hidden numbers) Prevents silent behavior changes (you know what changed and why) Encourages review
and critique (others can read and improve your code)

Dirty code hides decisions. Clean code exposes them.
Transparency is a scientific virtue.

The Bigger Picture

Over the past 20 days, you have learned:

Week 1 (Days 1-7): Python fundamentals through a biological lens - Variables, data types, strings, lists, tuples,
dictionaries - Conditionals, loops, functions - Biological meaning behind every concept

Week 2 (Days 8-14): Working with real biological data - File I/O, FASTA format, sequence composition - Biopython,
Seq objects, translation - Edge cases and messy data

Week 3 (Days 15-20): Professional bioinformatics - Annotations and metadata - Building workflows - Quality control
thinking - Scaling to real data - Interpretation and organization

The Final Takeaway Clean code is not about aesthetics. It is about honesty and responsibility.
When biological logic is organized: Results can be trusted Methods can be shared Conclusions can be defended
Strong bioinformatics code does not impress. It endures.

Your future self will thank you for writing clear, organized, reusable code. Your collaborators will trust your results.
Science will move forward because your methods are transparent.

Thank You Thank you for following along on this 20-day journey. You started with zero Python knowledge. You
now have the skills to: - Read and process biological data - Write reusable, reproducible code - Think critically about
bioinformatics - Interpret results in biological context

Python does not replace biological knowledge. It amplifies it.
You have learned the tools. Now go amplify your biology.
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Swipe to see the full Day 20 guide.

Tag a biologist who should take this course!
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Course Conclusion
Congratulations!

You have completed the 20-Day Python for Biologists course!

What You’ve Accomplished:
Python fundamentals through a biological lens
Working with real biological data (FASTA, sequences)
Biopython and sequence objects
Building complete analysis workflows
Quality control and scaling thinking

Professional code organization for reproducibility

Connect With Me:

omicscoder.com wagqasyousaf.com
LinkedIn (Omics Coder) LinkedIn (Waqas)
GitHub Facebook
Instagram WhatsApp Channel
WhatsApp Group Google Scholar
ResearchGate ORCID

Waqas Yousaf

” Python does not replace biological knowledge. It amplifies it.”
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https://www.omicscoder.com
https://www.waqasyousaf.com
https://www.linkedin.com/in/omics-coder-877a0b359
https://www.linkedin.com/in/waqas-yousaf-7b09a8256/
https://github.com/WaqasYousaf10
https://www.facebook.com/share/14Yxj1sry4c/
https://www.instagram.com/omicscoder
https://whatsapp.com/channel/0029VbCbmciH5JLqrKdqva1a
https://chat.whatsapp.com/HlonMz0OLu50HDI89LS7lP
https://scholar.google.com/citations?user=GgBmfQMAAAAJ&hl=en
https://www.researchgate.net/profile/Waqas-Yousaf-8
https://orcid.org/my-orcid?orcid=0000-0002-8154-7766

Course Hashtags

#PythonForBiologists #Bioinformatics #LearnPython #OmicsCoder #WaqasYousaf
#20DayChallenge #BioinformaticsTraining #PythonForScience #CodingForScientists
#DataScienceForBiology #Reproducibility #FASTA #Biopython #GCContent
#SequenceAnalysis #QualityControl #BioinformaticsWorkflow
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