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Learning Outcomes: Upon completing this chapter, students should be able to:

1. Introduction: From Raw Sequence to Functional Meaning
So far in the course we have talked about genes and gene families without mentioning how genes are detected in the genome.

The sequencing of entire genomes has provided an unprecedented amount of biological data, but a raw sequence of A's, T's, C's, and
G's is largely uninformative without interpretation. The challenge lies in identifying the functional elements within these vast stretches of
DNA. This is the realm of gene prediction (also called gene detection) and genome annotation.

The process of annotating a gene, including promoter sites, introns, exons, and further investigation through homology searches and
other databases.

Define gene prediction and genome annotation, explaining their critical role in making sense of raw genomic sequences.
Distinguish between the structures of prokaryotic and eukaryotic genes and explain how these differences impact prediction
strategies.
Describe the main categories of gene prediction programs: ab initio, homology-based, and consensus-based.
Explain the principles and practical applications of various algorithms for predicting genes in prokaryotes, including statistical
models and Hidden Markov Models (HMMs).
Interpret measures of gene prediction accuracy (sensitivity, specificity) and discuss methods for confirming computational
predictions.
Outline the process of genome annotation and the challenges associated with assigning functions to hypothetical proteins.
Utilize bioinformatics tools for gene prediction, translation, and validation, including Biopython for programmatic tasks.

What is Gene Prediction? Computational gene prediction is the process of using algorithms to accurately identify the locations
and structures of genes within a genomic DNA sequence. This includes:

detecting open reading frames (ORFs): the stretch between a start and a stop codon (see below);
separating introns and exons (especially in eukaryotes),
and locating functional RNA genes.
The ultimate goal is to computationally describe all genes with near 100% accuracy, significantly reducing the amount of
experimental verification required (i.e. experimentally detecting whether the gene is detected or not).

What is Genome Annotation? Genome annotation is the final step in genome analysis. It is the comprehensive procedure of

interpreting nucleotide sequences to define genes,
functional RNA molecules,
repeats, and
control regions, and then characterizing the likely properties (especially the biochemical and cellular function) of the gene
products.
This process often runs in parallel with sequencing and assembly.

The "Split Gene" Revelation: A Historical Perspective: For many years, biologists believed that a protein was encoded by a
continuous string of contiguous nucleotide triplets (codons), implying a direct, collinear relationship between gene and protein.
However, the groundbreaking discovery of "split genes" in 1977 by Phillip Sharp and Richard Roberts independently proved
otherwise.

The Experiment: Sharp hybridized RNA encoding an adenovirus protein against a single strand of adenovirus DNA. Instead of
the expected one-to-one hybridization for a contiguous gene, he observed regions where the RNA looped out, indicating
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2. Gene Structure: Prokaryotic vs. Eukaryotic Blueprint
Understanding the fundamental differences in gene structure between prokaryotes and eukaryotes is crucial, as it dictates the
complexity of gene prediction methods.

Note: the two ends of a DNA sequence have different chemical properties and are called the 5' and 3' ends. The side of the 5' end is
called upstream and the side of the 3' end is called downstream.

sequences in the DNA that were not present in the mature RNA. These non-coding regions were termed introns, and the
coding regions exons.
The Impact: This discovery was a profound paradigm shift. It necessitated the development of computational methods for
predicting the locations of genes using only the genomic sequence, accounting for these discontinuous coding regions.
Introns regulate all levels of their host gene expression, including transcription, export and RNA stability.

Challenges in Gene Prediction: Gene prediction, particularly for eukaryotes, is "one of the most difficult problems in the field of
pattern recognition".

Subtle Signals: Coding regions generally lack highly conserved motifs and instead rely on subtle statistical features that are
difficult to detect.
Complexity: Eukaryotic genomes, in particular, present challenges due to their large size, low gene density in many regions, the
presence of introns, and complex regulatory landscapes.
Accuracy: Current gene prediction methods are not very inaccurate for eukaryotes, with accuracy around 60-85%.

Prokaryotic Genes (Simpler Structure):

Genome Size & Density: Prokaryotes (bacteria and Archaea) have relatively small genomes (0.5 to 10 Mbp) with high gene
density (over 90% coding sequence) and very few repetitive sequences.
Start/Stop Codons: Genes begin with a start codon (most often ATG) and end with a stop codon (TAA, TAG, TGA). They mark
the start and stop of mRNA translation into protein.
Contiguous Open Reading Frames (ORF): An ORF is the area between a start and a stop codon. Each prokaryotic gene
typically consists of a single contiguous stretch of DNA coding for one protein or RNA, with no interruptions (introns) within
the gene.
Ribosomal Binding Site (Shine-Dalgarno): A key regulatory element, the Shine-Dalgarno sequence, is a purine-rich stretch
(consensus AGGAGGT in many bacteria) located immediately upstream of the translation start codon. It facilitates ribosome
binding.
Promoter Regions are used to initialize transcription. Prokaryotic promoter regions contain relatively well-defined motifs. They
serve as the binding site for RNA polymerase and associated transcription factors. They determines when, where, and how
strongly a gene is transcribed.
Terminator Signals: signal the end of transcription of a gene into RNA.
Operons: Genes within an operon share a common promoter and are transcribed as a single unit. Operon prediction is thus a
key aspect of prokaryotic promoter prediction.



Source: Phillip A. Sharp

Eukaryotic Genes (Complex, Split Structure):

Genome Size & Density: Eukaryotic genomes are significantly larger than prokaryotic ones, often with low gene density and
vast stretches of non-coding DNA ("junk DNA"). Non-coding DNA contains promoters, enhancers, etc. that regulate gene
expression. It also encodes functional non-coding RNA and enhances chromosome structure and stability.
Split Genes (Exons and Introns): The defining feature is the presence of exons (coding regions) interrupted by introns (non-
coding regions). At the time of transcription, a precursor mRNA is built that contains the introns as well. Then RNA splicing by
Splicosome is done to remove introns and join exons to form mature mRNA.

RNA splicing. The discarded introns (lariats) will degrade afterwards.

Splice Sites (GT-AG Rule): Introns almost invariably begin with GT at the 5' splice junction and end with AG at the 3' splice
junction. These are consensus motifs recognized by the spliceosome that removes introns from precursor mRNA and joins the
exons. This results in the production of mature mRNA.

mRNA Processing: Eukaryotic precursor mRNA undergo three modifications: 5' capping, splicing, and 3' polyadenylation
(addition of poly-A, i.e. "AAAAAA" tail).
Alternative Splicing: A major mechanism for generating protein diversity, where a single gene's transcript can be spliced in
different ways to produce multiple mRNA, and thus different protein products. This complicates gene prediction significantly.

Promoter Regions: Eukaryotic promoters are generally more complex and variable than prokaryotic ones, often spanning
thousands of base pairs and containing numerous regulatory motifs (e.g., "TATA" box, "CAAT" box, enhancer element).
UTR (Untranslated Regions): 5' and 3' untranslated regions at the two sides of the coding sequence in mRNA.
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3. Categories of Gene Prediction Algorithms
A genome contains many ORFs (stretch between a start codon (usually ATG) and a stop codon (TAA, TAG, TGA)).

So we need a statistical model to decide which ORFs are likely coding.

Gene prediction methods can be classified into three major categories. Here we briefly describe each type and its representative
programs. In the next 3 sections we describe them in more detail.

1. Intrinsic (ab initio) Methods — “Sequence-only prediction”
Ab initio methods rely solely on intrinsic sequence features—gene signals and gene content. Two major categories dominate:

1.1. For prokaryotes (ORF-Based Methods): Glimmer, Prodigal, GeneMarkS
These methods scan the genome for long ORFs and score them using signals such as codon bias, hexamer frequencies and
Ribosomal binding sites (Shine–Dalgarno motifs), explained below.
These tools use Markov models to compute each ORF’s coding potential, making them highly effective for compact, intronless
genomes.

1.2. For eukaryotes (Splicing-Aware Models): GENSCAN, AUGUSTUS, GeneID, SNAP
These models explicitly learn exon–intron structure using Splice signals (GT–AG boundaries), Exon/intron length distributions
and Codon usage and hexamer composition.
These methods employ (generalized) HMMs to assemble the most probable gene structure across the genome.

2. Extrinsic (Evidence-based) Methods — Use external biological evidence such as
homology
The prediction is guided by alignments to known biological sequences.

3. Hybrid Methods — Combine Ab initio + evidence
Combine intrinsic predictions with extrinsic evidence to get a consensus.

Feature Ab Initio Evidence-Based (Homology) Consensus / Combined
Principle Uses intrinsic sequence features to 

predict genes
Uses similarity to known genes, 
proteins, or transcripts

Integrates predictions from ab 
initio and evidence-based 
methods for higher confidence

Key Features 
Used

Gene signals (start/stop codons, 
splice sites, promoters, RBS), gene 

Homology to known coding 
sequences, protein domains, 

Both intrinsic sequence features 
and extrinsic evidence from 

Some are real genes, others are random ORFs caused by chance.
Longer ORFs are more likely to be real genes, but length alone isn’t enough, especially in large genomes.



Feature Ab Initio Evidence-Based (Homology) Consensus / Combined
content (codon bias, hexamers, 
nucleotide composition)

ESTs/cDNAs homologs / transcripts

Typical 
Methods / 
Tools

GeneMark, Glimmer, Prodigal, 
GENSCAN, AUGUSTUS, SNAP

BLAST, BLASTX, PSI-BLAST, 
Profile HMMs (Pfam), EST/cDNA 
mapping

GLEAN, MAKER, 
EvidenceModeler (EVM), PASA

Data 
Requirement

Only the genome sequence (can self-
train in some tools like GeneMarkS)

Databases of annotated 
genes/proteins/transcripts

Genome sequence + 
homology/transcript evidence

Species-
Specificity

High; models need training on 
species-specific statistics

Moderate; depends on availability 
of homologs in related species

Adapts to the genome while 
leveraging conserved evidence 
from other species

Strengths Can detect novel genes, works 
genome-wide without external data

High reliability for known or 
conserved genes, infers function

Highest overall accuracy; 
resolves conflicts and leverages 
complementary strengths

Limitations Sensitive to genome complexity; 
lower accuracy in eukaryotes, false 
positives/negatives

Cannot detect novel or highly 
divergent genes; dependent on 
database quality

Computationally more complex; 
requires multiple data types

Best Use Case Newly sequenced genomes with little 
prior annotation, especially 
prokaryotes

Annotating genes conserved 
across species; verifying 
predictions

Comprehensive genome 
annotation pipelines combining ab 
initio and evidence-based 
predictions

4. Ab Initio–based Approaches
The central challenge in ab initio gene prediction is that coding regions typically lack strongly conserved motifs. As a result, algorithms
must rely on subtle statistical patterns and signal features inherent to gene structure.

Core Features Used by Ab Initio Algorithms
Ab initio prediction relies on two major types of intrinsic features in genomic DNA: gene signals and gene content.

1. Gene Signals
Gene signals are short, recognizable consensus sequences marking functional elements and boundaries within genes. These
features guide transcription and translation machinery and anchor computational predictions.

2. Gene Content
Gene content features capture the statistical and compositional characteristics that distinguish coding from noncoding regions.

Start and Stop Codons: Mark the beginning and end of open reading frames (ORFs). ATG is the predominant start codon in
prokaryotes, with GTG and TTG used less frequently; TAA, TAG, and TGA serve as stop codons.
Ribosomal Binding Sites (RBS): In prokaryotes, the Shine–Dalgarno sequence is a purine-rich motif upstream of the start
codon, helping position the ribosome.
Splice Sites: In eukaryotes, introns typically obey the canonical GT–AG rule, with GT at the 5′ splice donor site and AG at the 3′
acceptor site.
Promoters and Other Regulatory Motifs: Elements such as the "TATA" box sequence mark transcription start regions.
Poly-A Signals: In eukaryotes, motifs (e.g., AAUAAA) mark the 3′ cleavage (where the transcript is cut and a poly-A tail is added).

Codon Bias (Synonymous Codon Usage): Organisms often prefer certain synonymous codons. For example E. coli uses CUG
for ~47% for leucine, but only 4% CUA. ORFs that match species-specific codon bias are more likely to encode real genes.
Nucleotide Composition: Coding regions show nonrandom patterns, including:

3-base periodicity: nonrandom statistical patterns imposed by the three-nucleotide codon structure coding sequences.
Position-specific biases e.g., GC-preference at third base of the codon positions in different genes.

Hexamer (aka dicodon) Frequencies: Six-nucleotide sequences provide strong discriminatory power between coding and
noncoding regions in both prokaryotes and eukaryotes.



Mathematical Models Underlying Ab Initio Methods
Early ab initio methods used simple statistical heuristics. For example, an uninterrupted ORF above a certain length (e.g., >50–60
codons) is unlikely to occur by chance and thus is a candidate gene.
However, modern predictors rely heavily on probabilistic models.

In these methods, a statistical model learns the statistical properties of the known coding and noncoding regions in the genome of an
organism. Then this model is used to assess whether a ORF under question is likely to be a gene or not.

Markov Models
Markov models capture dependencies between adjacent nucleotides.
A k'th–order Markov model estimates the probability of a nucleotide given the preceding k nucleotides.

Hidden Markov Models extend Markov models by incorporating hidden states representing biological features (e.g., exons, introns,
intergenic regions). During prediction, HMMs infer the most likely sequence of states given an observed DNA sequence.

Examples include GENSCAN, GeneMark, and AUGUSTUS.

Key properties:

Example: GeneMark
GeneMark is one of the earliest and most influential ab initio gene prediction tools.

Its guiding principle:

How GeneMark Works
GeneMark learns the probability of observing a nucleotide, given the ones before it, for both coding and noncoding regions. Note: it
needs labeled training data i.e. sequences that we know are coding or not.
It uses two Markov models where the Xi are the bases:

It classifies an ORF by comparing its probability in the coding and noncoding models.

Representative Tools

Challenges and Limitations (Especially in Eukaryotes)
While ab initio methods perform well for prokaryotes (dense genomes and uninterrupted ORFs), they face significant limitations for
eukaryotic genomes:

HMMs incorporate gene signals (start/stop codons, splice sites, promoter motifs).
They encode length distributions for exons, introns, UTRs, and intergenic regions using explicit or implicit duration models.
Their architecture chains together multiple submodels to represent complex eukaryotic gene structures.

Coding and noncoding DNA are different statistically.
GeneMark learns these two statistical languages and evaluates which one an ORF resembles more.

one for coding DNA Pc(S) = P(Xi ∣ Xi−1, Xi−2, … , Xi−k) and
one for noncoding DNA Pnc(S) = P(Xi ∣ Xi−1, Xi−2, … , Xi−k).

GeneMark: Uses Markov models; strong for prokaryotes and self-training variants (can be trained on its own predictions, using
very small training data) for eukaryotes; foundation of modern gene finders.
GENSCAN: Early generalized HMM with fixed parameters; good exon modeling but now outdated.
AUGUSTUS: Advanced gHMM with evidence integration and species-specific training; currently one of the most accurate
eukaryotic gene predictors.

Species Specificity: Models must be trained on known gene sets; predictions degrade when applied to distantly related species.
Structural Complexity: Eukaryotic genomes have long introns, sparse coding regions, and extensive alternative splicing,
making prediction extremely difficult.



5. Evidence-Based (Homology-Based) Methods
Evidence-based, or homology-based, gene-prediction methods infer genes by comparing a query genomic sequence to known
genes, proteins, or transcripts (mRNA) in public databases. The underlying principle is evolutionary conservation: sequences
homologous to known coding regions are likely to encode proteins with similar structure and function.

1. Core Principle: Sequence Similarity

2. Methods for Finding Homologs
Database search algorithms such as BLAST, FASTA, PSI-BLAST and Profile HMMs are used.

3. Types of Evidence Used

Aligning these data to the genome provides direct evidence of transcription and exon–intron structure.

Note: actual tools often combine homology evidence with ab initio prediction, which is the topic of consensus-based methods.

5. Limitations

Because of these limitations, homology-based predictions are often combined with ab initio methods to improve overall accuracy.

6. Consensus-based (hybrid) methods
The Consensus-Based Approach is a category of gene prediction methods that combines the output of multiple individual gene
prediction algorithms to arrive at a single, refined prediction.

This approach is fundamentally driven by the recognition that different prediction programs often possess varying levels of sensitivity
and specificity. By combining their results, the goal is to leverage their collective strengths to produce a more reliable outcome.

Core Principles and Mechanism
Consensus-based methods work by comparing the results obtained from multiple individual prediction programs (which may include
ab initio based or homology-based programs). The key mechanism involves finding agreement among the competing results:

Limited Discovery of Novel Signals: Ab initio systems struggle to detect regulatory motifs that are weak, rare, or absent from the
training data.

Detecting coding regions: Regions of a genome that align well with known genes or proteins provide strong evidence of protein-
coding potential.
Inferring function: Matches to characterized genes or protein families can suggest the gene’s function. This is one thing that Ab
Initio methods are not capable of.
Genome annotation: Homology evidence is often the first step in annotating newly sequenced genomes, particularly when
combined with ab initio predictions.

Protein and gene sequences: Direct comparison to known sequences helps identify coding regions.

Prokaryotes: Simple gene structure allows straightforward detection; often more than half the genes in a new bacterial genome
can be identified this way.

Eukaryotes: Alignments must account for introns and splice-site motifs.

1. Database dependence: Novel genes lacking homologs cannot be detected.
2. Propagation of errors: Mis-annotations in reference databases can lead to incorrect predictions.
3. Alignment challenges: Accurate exon-intron mapping depends on correctly handling gaps and splice sites.

1. Retention: These programs retain common predictions that are agreed upon by most of the constituent programs.
2. Removal/Refinement: They remove inconsistent predictions.



When analyzing an unknown sequence, a user is generally advised to run a range of programs and rely on the consensus used as
the best prediction.

Representative tools
Eukaryotes:

Prokaryotes:

Advantages and Limitations
The consensus approach is utilized to solve specific problems inherent in running individual gene prediction programs:

However, the consensus method is not without drawbacks:

Consensus methods illustrate the effort to increase reliability in genome annotation by integrating multiple lines of evidence,
particularly when comparing predictions from algorithms that utilize combinations of statistical and homology information.

7. Confirming and Evaluating Gene Predictions
Given the inherent inaccuracy of computational methods, especially for eukaryotes, confirming predictions and evaluating program
accuracy are crucial.

Confirming Predictions

MAKER – Full annotation pipeline that merges ab initio predictions (e.g., AUGUSTUS, SNAP, GeneMark) with RNA-seq and
protein homology evidence.
BRAKER – Automates training of GeneMark and AUGUSTUS using RNA-seq (BRAKER1) or protein homology (BRAKER2), then
integrates these signals into final gene models.
AUGUSTUS with hints – AUGUSTUS run with “hints” from RNA-seq or protein alignments; integrates external evidence directly
into its ab initio prediction.
PASA – Refines gene structures using transcript alignments (corrects exons, UTRs, splice sites). Often used to update ab initio
predictions.
EVidenceModeler (EVM) – Classic consensus tool that weights and combines ab initio predictions, RNA-seq, and protein
homology into a final gene set.

Prokka, PGAP – Prokaryotic pipelines that combine ORF finders (e.g., Prodigal) with homology searches and curated protein
families to create consensus annotations.

Improved Specificity: The primary advantage is that this integrated approach may improve the specificity of the overall
prediction. It achieves this by correcting false positives and minimizing the problem of overprediction, which are common flaws,
especially in ab initio algorithms.
Enhanced Performance: Since predicting eukaryotic genes is complex—with low gene density and split gene structures—and
most popular programs predict no more than 40% of genes exactly right, combining results based on consensus can enhance
performance to some extent.

Lowered Sensitivity: Because the procedure involves punishing predictions that are not widely supported by other programs, it
may lead to lowered sensitivity.
Missed Predictions: This process may result in missed predictions (False Negatives), particularly if an accurate but novel
prediction generated by only one program is discarded because it does not match the majority.

Translation and Homology Search: Any predicted exon should be translated into a protein sequence (in all three frames and both
directions) and then submitted to a protein database search (e.g., BLASTX). Finding significant hits to known proteins confirms the
correctness of the prediction and provides functional clues.

Shine-Dalgarno Sequence: For prokaryotic gene prediction, checking for the presence of a Shine-Dalgarno sequence upstream
of each predicted gene can help verify predictions.
Experimental Data: Ultimately, computational predictions are hypotheses that require experimental verification. Genome
annotation efforts often involve significant post-sequencing experimental work to obtain evidence for hypothetical genes and



Measures of Prediction Accuracy
Gene-prediction accuracy can be evaluated at three different biological levels.
Each level focuses on a different type of prediction (nucleotide, exon, or protein), and at each level you can define true positives (TP),
false positives (FP), and false negatives (FN).
However, true negatives (TN) are only meaningful at the nucleotide level, where every position can be clearly classified as coding or
non-coding.

1. Coding Nucleotide Accuracy (Base Level)
At the base level, each nucleotide is treated as a prediction: the model labels it as either coding or non-coding.
Because each position has a well-defined true state, we can use the full error framework:

Two standard accuracy metrics are:

A program is accurate at the base level when both sensitivity and specificity are high.
However, base-level accuracy does not guarantee correct gene structure.

2. Exonic Structure Accuracy (Exon Level)
At the exon level, the prediction units are entire exons, not individual bases.
Here we evaluate whether predicted exons match the true exons—especially their boundaries.

Exon-level accuracy is more stringent than base-level accuracy:
a model may predict coding bases reasonably well but still get exon boundaries wrong, causing biologically important structural errors.

3. Protein Product Accuracy (Protein Level)
The protein level asks the highest-level biological question:
Does the predicted gene produce the correct protein?

We evaluate the predicted protein sequence against the true protein sequence.
As at the exon level, TP/FP/FN can be defined:

Here, true negatives (TN) do not apply because it is not meaningful to count “non-proteins.”

Protein-level accuracy is considered the most reliable and biologically important, because:

proteins. mRNA expression studies can confirm if predicted mRNA molecules are actually expressed.
Comparative Genomics: Comparing gene predictions in newly sequenced genomes with those of related, well-annotated
organisms can help resolve uncertainties.

True Positive (TP): A coding nucleotide correctly predicted as coding.
True Negative (TN): A non-coding nucleotide correctly predicted as non-coding.
False Positive (FP): A non-coding nucleotide incorrectly predicted as coding.
False Negative (FN): A coding nucleotide incorrectly predicted as non-coding.

Sensitivity (Sn) = TP / (TP + FN)

Fraction of true coding bases successfully predicted.
Measures how well the program identifies real coding regions.

Specificity (Sp) = TP / (TP + FP)

Fraction of predicted coding bases that are actually correct.
Measures how well the program avoids false exon predictions.

True Positive (TP): A predicted protein that matches the real protein.
False Positive (FP): A predicted protein that does not correspond to any real gene product.
False Negative (FN): A real protein that the program fails to predict.

Even small mistakes in exon boundaries or coding regions can shift the reading frame, alter amino acids, or create truncated
proteins.



8. Genome Annotation: Assigning Function
Once genes are predicted, the final, crucial step is functional annotation: determining what functions the encoded proteins might
play.

Conclusion:
Gene prediction and genome annotation are indispensable pillars of modern bioinformatics, transforming raw genetic code into a map
of functional biological elements. While the simple, contiguous nature of prokaryotic genes allows for relatively accurate prediction, the
complexity of eukaryotic genes—with their introns, exons, vast non-coding regions, and intricate regulatory signals—presents
formidable challenges. Through a combination of ab initio, homology-based, and consensus approaches, coupled with rigorous
statistical validation and the constant refinement of algorithms and tools like Biopython, bioinformaticians strive to achieve increasingly
accurate and comprehensive annotations. However, the interpretation of predictions, particularly for the many "hypothetical proteins,"
still necessitates critical thinking and continuous collaboration with experimental biology. This chapter provides the foundational
knowledge to embark on the exciting journey of decoding the blueprint of life.

Correct protein prediction requires the entire gene structure to be correct—start codon, stop codon, splice sites, and ORF integrity.

Homology-Based Functional Assignment: The most obvious starting point is sequence analysis. If a predicted protein has
significant matches in sequence and pattern databases (e.g., Pfam), its function can often be predicted with considerable
confidence to be similar to its homologs.
"Hypothetical Proteins": predicted proteins whose existence is suggested by genome sequence data but for which no
experimental evidence or known biological function is available. Some "conserved hypothetical proteins" are conserved across
species, indicating they are true ORFs but of unknown function.

Advanced Functional Hints: For hypothetical proteins, more advanced tools can be used to search for remote homologs,
including motif/domain prediction (HMMs) or secondary/tertiary structure prediction (threading, fold recognition)


