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History of development of GeneMark family of gene finding tools

Early algorithms -- supervised training
(need large validated sequence sets for parameter estimation) 
• GeneMark prokaryotic and eukaryotic      1993 (Computers & Chemistry)

• GeneMark.hmm prokaryotic 1998 (NAR)

Extrapolation of model parameters for short genomes and metagenomes 
(no training sets for obvious reasons)
• GeneMark.hmm with heuristic models 1998 (NAR)                 MetaGeneMark 2010 (NAR)

Latest algorithms -- unsupervised training
(no need in validated sequence sets)
• GeneMarkS, GeneMarkS-2 prokaryotic genomes                                                2001 (NAR)        2018 (Genome Research)

• GeneMark-ES/ET/EP eukaryotic genomes 2005 (NAR) 2005 (NAR) 2016 (Bioinformatics)

http://exon.gatech.edu/



GeneMark

The algorithm uses Markov chain models and Bayesian logic















Application to modeling coding and non-coding regions

Experiment: a sample of 100nt-long segments of a bacterial genome is given
Need to identify the segments as coding or non-coding based on the LL values computed .

*False negative (type I) error: an error that identifies a true coding region as non-coding 
(coding is the null hypothesis – H0, non-coding is the alternative one – H1)

*False positive (type II) error: an error that identifies a true non-coding region as coding

*The smaller the errors, the higher the discrimination power of the test.  
We want nD(P1||P2) to be high and bring higher discrimination power.  
We can increase n only within certain limits – characteristic length of the functional region
The higher the value of relative entropy D(P1||P2), the smaller n can be to deliver the same 
level of discrimination power.

*The simplest multinomial model with frequencies of single nucleotides is not accurate 
enough to distinguish coding from non-coding regions when fragments of about 100 nt are 
used.



… compositional patterns observed in non-coding and protein-coding DNA 
(visualized by alignment of 1000+  E. coli genes, 
the sequences containing gene starts with flanking regions)



Non-coding regions

T 36.0
C 13.8
A 36.0
G 14.2

Codon positions 1, 2, 3



Non-coding regions

T 36.0
C 13.8
A 36.0
G 14.2

Codon positions 1, 2, 3

positional frequencies



Codon positions 1-2,  2-3,  3-1



Codon positions 1-2,  2-3,  3-1



INHOMOGENEOUS MARKOV MODEL  
 
TTA | CGT | GCA | TGC | GTA | CGT | GCA 
123 | 123 | ... 
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M. JANNASCHII 
TRANSITION PROBABILITIES FOR CODON POSITIONS 1, 2 
(PRIMARY CODING FUNCTION) 
 

 T C A G 
T 0.552 0.138 0.212 0.098 
C 0.262 0.397 0.333 0.008 
A 0.336 0.108 0.412 0.142 
G 0.209 0.169 0.428 0.194 

 
TRANSITION PROBABILITIES FOR CODON POSITIONS 2, 3 
(SYNONYMOUS CODON USAGE) 
 

 T C A G 
T 0.404 0.083 0.366 0.148 
C 0.370 0.087 0.505 0.039 
A 0.340 0.107 0.360 0.193 
G 0.237 0.099 0.469 0.196 

 
TRANSITION PROBABILITIES FOR CODON POSITIONS 3, 1 
 

 T C A G 
T 0.207 0.086 0.323 0.384 
C 0.349 0.149 0.357 0.146 
A 0.181 0.062 0.427 0.330 
G 0.170 0.115 0.375 0.340 

 


INHOMOGENEOUS MARKOV MODEL 


TTA | CGT | GCA | TGC | GTA | CGT | GCA


123 | 123 | ...
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M. JANNASCHII

TRANSITION PROBABILITIES FOR CODON POSITIONS 1, 2


(PRIMARY CODING FUNCTION)
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Computation of an a posteriori probability of protein-coding 
function in six frames for a given DNA fragment

Borodovsky & McIninch,  
Computers & Chemistry 1993



A posteriori probabilities of protein coding function
(computed in sliding windows by the GeneMark algorithm)



Haemophilus influenzae genome, 28 July 1995



In 1995, the genomic era started with decoding 1,830,140bp genome of Haemophilus influenzae,
an opportunistic pathogen, sequenced by the whole genome shotgun method. 

1740 protein-coding genes were identified  by GeneMark Fleischmann et al., Science 1995
Borodovsky & McIninch, 1993

… followed with annotation of genomes of E. coli, B. subtilis, M. jannaschii, 
H. pilory in 1996-1997 .



Methanogenic archaeon Methanococcus jannaschii, 1996



Methanogenic archaeon, Methanococcus jannaschii, Bult et al. 1996, Science 273:5278



GeneMark.hmm

• The inhomogeneous (three matrix) Markov chains become 
incorporated in the Hidden Markov model

• They are needed to compute  HMM emission probabilities 
for whole sequence fragments



DNA sequence: AAGTTATGAACTATGGGACATGTTATCCGTAAGGTTATAAGC
Possible labels nnnnndddddddddddddddddddddddddddnnrrrrrrrr

nnnrrrrrrrrrrrrrrrrrrnnnnnnnnnnnnnnnnrrrrr
nnnnnnnnnnnnnnnnnnnnnnrrrrrrrrrrrrrrrrrrrr
nnnnnnnnnnnndddddddddddddddddddddddddddddd

--------------------------------------------------------------------
Effectively we do assign labels in process of genome annotation

DNA sequence: AAGTTATGAACTATGGGACATGTTATCCGTAAGGTTATAAGC
labels:

non-coding    *****                           **
coding direct ***************************
coding reverse                                      ********

Annotation sequence    nnnnndddddddddddddddddddddddddddnnrrrrrrrr

-------------------------------------------------------------------

In fragments carrying the same label patterns of nucleotide ordering are ‘label specific’ and are 
described by the Markov chain models. Labels are interpreted as hidden states of an HMM.

The Viterbi algorithm Computes most likely sequence of labels for a nucleotide sequence 
by finding max joint probability of a sequence of nucleotides and sequence of labels 
given the parameters of the HMM

Maximize     Prob ( seq of labels| DNA seq) ~ Prob ( seq of labels & DNA seq) 
-------------------------------------------------------------------

Each nucleotide is labeled:  
n – non-coding, c – coding in direct strand, r – coding in reverse strand

25



intergenic region

isolated gene

overlapping genes series

typical protein coding state

atypical protein coding state

start codon stop codon

spacerRBS CDS

gene

A

B

(A) Part of HMM representing in GeneMark.hmm a single
gene with RBS. For simplicity, only the direct strand is
shown. (B) In this simplified diagram of hidden state
architecture, the state ‘gene’ represents a genomic
segment including RBS, an RBS spacer and a protein-coding
sequence (CDS).



cds1 cds2 cds3

cds6 cds5 cds4

non-
coding

GeneMark could be interpreted as an approximation to 
posterior decoding (the HMM-like algorithm) 



‘Classic’ HMM does not allow to correctly describe experimentally observed length 
distribution of protein-coding genes

An HMM with explicit distributions of 
durations of runs of hidden states is 
needed.

28
Lukashin & Borodovsky, 

Nucl Acids Res, 1998



Direct coding

Reverse coding

Non-coding

Lukashin & Borodovsky, 
Nucl Acids Res, 1998 29



Twenty years on

Tatusova et al., 2016, Nucl. Acids Res



The 2017 version 
of the pipelinehttps://www.ncbi.nlm.nih.gov/genome/

annotation_prok/process/
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Growth of GenBank

32

Genomes

Eukaryotes
Animals 1,173
Plants 408
Fungi 2,637
Protists 509

Prokaryotes
Bacteria 116,711
Archaea 1,883

http://www.ncbi.nlm.nih.gov/genome/browse/


Diversity of eukaryotic genome organization

average length of exon, intron and intergenic region 
vs percentage of non-coding DNA in genome



Hidden states of GMM used in eukaryotic GeneMark.hmm

Lomsadze et al. Nucl. Acids Res. 200528 states for direct strand; total – 57 states



St – start codon, Sp – stop codon, D – donor site, A – acceptor site

possible elements of exon-intron structures (connections between sites)

predicted chain of connections

classified fragments of the sequence parse  

St – start codon, Sp – stop codon, D – donor site, A – acceptor site

possible elements of exon-intron structures (connections between sites)

predicted chain of connections  (by the Viterbi algorithm)

classified fragments of the sequence parse  



Assignment of initial 
values of parameters

Gene prediction by
GeneMark.hmm

Parameter 
estimation

Next iteration

Convergence check

Genomic sequence Gene
annotation

Eukaryotic gene finder with unsupervised training -
GeneMark-ES

36

Lomsadze et al. Nucl. Acids Res. 2005



  

  

 

Observed frequencies of four nucleotides in the three codon positions 
(first- green, second- blue, third- red) 
as functions of genome GC content for 319 bacterial genomes. 

Besemer & Borodovsky, Nucl. Acids Res.1999
Zhu et al. Nucl. Acids Res. 2010
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Zhu et al. Nucl. Acids Res. 2010

oligomer frequencies are predicted from sequence GC content

38
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Lomsadze et al. Nucl. Acids Res. 2005



Assessment of accuracy of gene finding tools on A. thaliana AraSet
a manually curated collection of 174 multi-gene sequences with 1028 exons



Assessment of accuracy of gene finding tools on A. thaliana AraSet
a manually curated collection of 174 multi-gene sequences with 1028 exons



Unusual structure of splice signals in fungal introns

Fungi: strong and well localized branch point, weak acceptor signal

Plants and animals: weak and not localized branch point, strong acceptor signal 

A.thaliana

Branch point 
model logo 

Acceptor model
logo

Distribution of distance between 
branch point and acceptor

Rhynchosporium sp.

Polypyrimidine tract  and acceptor model logo
42
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Ter-Hovhannisyan et al. Genome Research, 2008



Cover image: Pictured are mature Coprinopsis cinerea mushrooms fruiting in a Petri dish.  
Coprinopsis cinerea is a model mushroom and important genetic system for studying 
development and meiosis. 

Stajich et al.   PNAS,   2010 

Application of GeneMark-ES 



Phytoplankton coccolithophore Emiliania
huxleyi



Read et al. Nature, (2013) 

Isolation locations shown over the averaged Reynolds monthly sea-surface 
temperature (SST) climatology (1985–2007).

Phytoplankton coccolithophore Emiliania huxleyi



DOE Joint Genome Institute
Genome Annotation Pipeline 47



Haas et al.  Mycology, 2011
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The genome of woodland strawberry  (Fragaria vesca)
Shulaev et al.  Nature Genetics, 2011

RNA-Seq/EST information can guide the segmentation of genomic sequence 
if integrated in the ab initio algorithm

Conceptual scheme of integration of the ab initio and EST/TE
in the GeneMark-ES+ algorithm

Potentilla migrantha



Flowchart of the BRAKER1 pipeline.
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Arabidopsis
thaliana

Caenorhabditis
elegans

Drosophila 
melanogaster

Benchmarking of BRAKER1 (continued) 

MAKER2 BRAKER1 MAKER2 BRAKER1 MAKER2 BRAKER1

Exon sensitivity 76.1 82.6 69.4 80.2 64.9 73.1

Exon specificity 76.1 79.0 62.3 85.5 55.0 67.0

Full run of the pipeline includes run of AUGUSTUS with RNA-Seq derived hints
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