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Abstract

Genome sequencing centers are flooding the scientific community with data. A single sequencing machine
can nowadays generate more data in one day than any existingmachine could have produced throughout the
entire year of 2005. Therefore, the pressure for efficient sequencing data compression algorithms is very high
and is being felt worldwide. Here, we describe GReEn (Genome Resequencing Encoding), a compression
tool recently proposed for compressing genome resequencing data using a reference genome sequence.
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1 Introduction

The interest in DNA sequence compression was ignited by the
Biocompress algorithm of Grumbach and Tahi [1]. The following
two decades have witnessed the proposal of a myriad of algorithms
for compressing genomic sequences (e.g., [2–12]). These works
explore the non-stationary nature of DNA, which is characterized
by an alternation between regions of relatively high and relatively
low entropy. Typically, compression algorithms adopt two
approaches, one based on Lempel–Ziv-like substitutional proce-
dures that usually perform well on repetitive, low entropy regions,
and another based on low-order context-based (Markov) arithme-
tic coding, which is better suited for regions of high entropy.
According to the substitutional paradigm, repeated regions of the
genomic sequence are represented by a pointer to a past occurrence
of the repetition and by the length of the repeating sequence. Both
exact and approximate repetitions, as well as their inverted comple-
ments, have been explored.

We have been working in DNA sequence compression for
several years [13–18]. The method we proposed in [17] is based
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on multiple competing Markov models. We have shown that,
somewhat surprisingly, DNA sequences can be accurately explained
by these models, which only have local knowledge of the past, in
contrast with the generality of other available methods that rely on
long range copy operations. In [18], we developed a state-of-the-
art method for the efficient compression of resequenced genomes.
In this case, a high-quality version of the genome is used as refer-
ence, boosting the compression gain. Here, we explain in detail this
tool and how to use it for compressing resequenced genomes.

2 Materials

2.1 Availability of

Genome Resequencing

Encoding

The GReEn (Genome Resequencing Encoding) codec (encoder/
decoder) is freely available for noncommercial purposes. It can be
downloaded from ftp://ftp.ieeta.pt/~ap/codecs/GReEn1.tar.gz.

2.2 Computational

Requirements

GReEn is implemented in the C programming language. It was
developed under Linux and should compile and execute on every
flavor of this operating system. A C compiler is needed (typically,
“gcc”), as well as the “tar” application for extracting the required
files from the archive, and the “make” application for building the
executables. GReEn does not require special hardware: it is able to
run on a common laptop computer with Linux installed. However,
for handling very large sequences (such as the largest human chro-
mosomes), it is recommended to have at least 4 GBytes of com-
puter memory available.

2.3 Installing GReEn For installing GReEn, download the package from the website
mentioned above and extract the files using, for example,

tar zxvf GReEn1.tar.gz

A directory named “GReEn1” will be created. From inside this
directory, run “make.” Two executables should be created,
“GReEnC” and “GReEnD,” respectively, the encoder and
decoder. Running each without parameters will list the options
available.

The package also includes two sequences, “ecK12DH10B.fa.gz”
(Escherichia coli K12 substrain DH10B, uid58979) and
“ecK12W3110.fa.gz” (E. coli K12 substrain W3110, uid58567),
that will be used below for illustration.

2.4 Running GReEnC Running “GReEnC” generates

Usage: GReEnC [ -o outFile ]
[ -v (print more info) ]
[ -k keySize (def 11) ]
[ -i (ignore equal size) ]
[ -f maxFailures (def 0) ]
refSeq tarSeq
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where the parameters shown are:

-o outFile If this option is present, the encoder writes the encoded
sequence in a file named “outFile.”

-v Verbose mode: print more information during operation (see
Note 1).

-k keySize By default, the size of the k-mer used for creating the
hash table and for searching for similarities between the refer-
ence and target sequences is 11. It can be changed using this
encoder option (see Note 2).

-i This flag has effect only if the reference and target sequences have
the same size. In that case, it forces the standard encoding
mode, instead of using the special mode that assumes both
sequences are aligned (see Note 3).

-f maxFailures By default, the maximum number of prediction
failures before restarting the copy model is 0. It can be changed
using this encoder option (see Note 4).

refSeq The DNA sequence used as reference (fasta or gzip fasta are
accepted) (see Note 5).

tarSeq The target DNA sequence, i.e., the sequence to be com-
pressed (fasta or gzip fasta are accepted).

To test the encoder, run the command

GReEnC-v-ocodeecK12DH10B.fa.gzecK12W3110.fa.gz

that will generate a file named “code” with the compressed version
of sequence “ecK12W3110.fa.gz,” using “ecK12DH10B.fa.gz” as
reference. The following output will be also generated (time and
memory information may vary, depending on the computer used to
run this example)

GReEnC version 1.0
The reference sequence has a total of 4686137 bases
A : 1153640
C : 1190880
G : 1188801
R : 1
T : 1152814
Y : 1

The target sequence has a total of 4646332 bases
A : 1142182
C : 1179079
G : 1181238
T : 1143833

Sequence size difference: -39805
The target sequence has 4 different symbols
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Creating the hash table...
...done
Compressing the sequence...
...done
Total number of bytes: 244661 ( 0.42125 bpb )
Total cpu time used: 1.74 s
Total memory allocated by (m/c/re)alloc: 291.45 MB

2.5 Running GReEnD Running “GReEnD” without parameters displays

Usage: GReEnD [ -v (print more info) ]
[ -o outFile ]
refSeq codeFile

where:

-v Verbose mode: print more information during operation.

-o outFile If this option is present, the decoder writes the decoded
sequence in a file named “outFile” (see Note 6).

refSeq The DNA sequence used as a reference (fasta or gzip fasta
are accepted).

codeFile The compressed file, i.e., the file generated by the encoder
using “-o” flag.

To test the decoder and assuming that the “code” file was
generated by the previous example, run the command

GReEnD -v -o out ecK12DH10B.fa.gz code

that generates the file “out” with the sequence of bases of file
“ecK12W3110.fa.gz.” This command line will also display infor-
mation similar to

GReEnD version 1.0
The reference sequence has a total of 4686137 bases
The target sequence has a total of 4646332 bases
Sequence size difference: -39805
The target sequence has 4 different symbols
Max failures: 0
Creating the hash table...
...done
Decompressing the sequence...
...done
Got 4646332 bases
Total cpu time used: 1.76 s

3 Methods

GReEn [18] is a compression tool based on arithmetic coding. It is
able to handle arbitrary alphabets and does not pose any restrictions
or requirements on the sequences to compress. Its running time
depends linearly on the size of the sequence being compressed.
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3.1 Arithmetic

Coding

Arithmetic coding represents the entire message by a single code-
word: a number in the [0, 1) interval. It allows for a total separation
between the coding process (i.e., generating the bits) and the
modeling process (i.e., estimating the probabilities of the
symbols of the coding alphabet). For simplicity, consider a binary
alphabet and the message “0110.” Also, suppose that the probabil-
ity of “0” is 0.6 and that this probability is fixed along the message
(see Note 7).

The encoding of the first symbol of the message (a “0”) leads to
a change in the current interval from the initial [0, 1) to [0, 0.6).
This is the subinterval that was assigned to symbol “0” and that has
a length equal to the probability of the corresponding symbol.
Next, the interval is again divided into two parts, the lower 0.6
fraction that is assigned to symbol “0” and the remaining 0.4
fraction to symbol “1.” Since the symbol to encode is now a “1,”
the interval is changed to [0.36, 0.6). This procedure is repeated
until the end of the message, which is represented by the final
interval. In fact, all messages with this “0110” prefix are repre-
sented by a subinterval of [0.504, 0.5616), meaning that the
“0110” message can be represented by any point inside
[0.504, 0.5616), plus the indication of the length of the message.
Figure 1 illustrates this coding scheme (see Note 8).

3.2 The GReEn

Compression

Algorithm

GReEn relies on a reference sequence for compressing the target
sequence. The reference sequence is generally only slightly different
from the target sequence, although this is not mandatory. It is
possible to use a sequence from a different species as reference,
but, in this case, the compression efficiency will be affected,
depending on the degree of dissimilarity between the reference
and target sequences. For recovering the target sequence, the
decoder needs to have exactly the same reference sequence as that
used by the encoder (see Note 9).

Denote by C ¼ fc1; c2; . . . ; cjCjg the set of all different charac-
ters (the alphabet) that are found in the target sequence, where jCj
denotes the number of elements in C. Also, denote by θ(c) the

0 1 1 0
1.0

0.0

0

1

0.6

0.36

[0.504,0.5616)

Fig. 1 Example of arithmetic coding: binary alphabet with P(0) ¼ 0.6 and
message to encode “0110”
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relative frequency of character c 2 C in the target sequence, and by
Pn(c) the estimated probability of character c 2 C when encoding
the character at position n in the target sequence. The set of
probabilities fPnðcÞ; c 2 Cg are required by the arithmetic coder
(see Note 10). For a sequence xN ¼ x1x2 . . . xN ; xi 2 C, with N
characters, the arithmetic coder produces a bitstream with

�
XN

n¼1

log2 PnðxnÞ (1)

bits, which demonstrates the importance of providing good prob-
ability estimates to the arithmetic coder.

The probabilitiesPn(c) are calculated using two differentmodels:

1. An adaptive model (the copy model), which assumes that the
characters of the target sequence are an exact copy of a part of
the reference sequence.

2. A static model that relies on the frequencies of the characters in
the target sequence, i.e., θ(c).

The adaptive model is the main statistical model, as it allows a
high compression rate of the target sequence, particularly in areas
where the target and reference sequences are highly similar. How-
ever, the copy model will at times not be useful and the static model
will come into play.

The copy model relies on a pointer to a position in the refer-
ence sequence where a character identical to that being encoded is
expected. As encoding proceeds, this pointer may be repositioned
to different locations on the reference sequence. When reposition-
ing occurs, all parameters of the model are reset. Besides account-
ing for the number of times, tn, that the copy model was used after
the previous repositioning, two more counters are maintained: hn

1,
for storing the number of times the model guessed the correct
character, including the correct case (uppercase or lowercase), and
hn

2, to record the number of times the model guessed the character
but failed the case (for example, it guessed “A” but the correct
character was “a”). Figure 2 illustrates this coding scheme.

Denote by p1n the character predicted by the copy model and by

p2n the case converted p1n (for example, if p1n is “A,” then p2n would be
“a”). If p1n; p

2
n 2 C (see Note 11), the probabilities that are commu-

nicated to the arithmetic coder are given by (see Note 12)

PnðcÞ ¼

h1n þ 1

tn þ 3
; for c ¼ p1n;

h2n þ 1

tn þ 3
; for c ¼ p2n;

1� Pnðp1nÞ � Pnðp2nÞ
1� θðp1nÞ � θðp2nÞ

θðcÞ; for c 6¼ p1n; p
2
n:

8
>>>>>>><

>>>>>>>:

(2)
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However, if only p1n or p2n belongs to C, then the probabilities
are given by

PnðcÞ ¼
h þ 1

tn þ 2
; for c ¼ p;

1� PnðpÞ
1� θðpÞ θðcÞ; for c 6¼ p;

8
>><

>>:
(3)

where h ¼ hn
1 if p ¼ p1n, or h ¼ hn

2 if p ¼ p2n. As such, we have
considered only two events, namely, E1 ¼ {p} and E2 ¼ C n fpg,
where the distribution of probabilities among the characters of E2

is performed as before.
Finally, if both p1n; p

2
n 62 C, the probabilities communicated to

the arithmetic coder are the character frequencies of the target
sequence, i.e.,

PnðcÞ ¼ θðcÞ: (4)

Usually, the codec starts by constructing a hash table with the
occurrences and corresponding positions in the reference sequence
of all k-mers of a given size (the default size is k ¼ 11, but it can be
changed using a command line option). Using this hash table, it is
easier to find in the reference sequence the characters that come
right after all occurrences of a given k-mer.

Before encoding a new character from the target sequence,
the performance of the copy model, if in use, is checked. If

tn � h1n � h2n > mf , where mf is a parameter that indicates the max-

imum number of prediction failures allowed, the copy model is
stopped. The default value for mf is zero, but this may be changed
through a command line option.

Following this performance check, if the copy model is not in
use, an attempt is made to restart the copy model before compres-
sing the character. This is accomplished by looking for the positions

Reference sequence >SEQ ID

Target sequence >SEQ ID

AAAGGATAGGTAACGATATTCCTAG. . .

AGGATAGGTAacgGTATTccta?. . .

Fig. 2 The copy model: when at position 10 of the target sequence (in green),
the copy model was restarted to position 12 of the reference sequence (in green).
Apart from the character at position 14 in the target sequence (in red), it has
since correctly predicted 12 characters, if the case is ignored, or 5 characters
(in upper case), if case is considered. The copy model is currently predicting that
the character in position 23 of the target sequence (in blue) should be a G (in blue
in the reference sequence)
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in the reference sequence where the k-mer composed of the
k-most-recently-encoded characters occurs. If more than one posi-
tion is found, the one closest to the encoding position is chosen.
If none is found, the current character is encoded using the static
model and a new attempt for starting a new copy model is per-
formed after advancing one position in the target sequence.

4 Notes

1. If this flag is present, the encoder prints the alphabets of the
reference and target sequences. It also indicates how many
times it encountered each character.

2. Changing this parameter might affect the compression perfor-
mance. During normal operation (i.e., when not in “equal size
mode”), the encoder often searches for the positionally closest
k-mer in the reference sequence that matches the most recently
encoded k-mer of the target sequence. The idea is to start a
copy model that will predict the following characters with high
certainty. If the target sequence is similar to the reference, then
values of k greater than 11 might produce higher compression,
because in this case it is easier to find the correct location where
the repetition occurs in the reference sequence. On the other
hand, if the two sequences differ considerably, then it is usually
better to leave this parameter unchanged. Note that using
greater k values also implies using more memory.

3. When the target and reference sequences are aligned, i.e., when
the most probable character in the target sequence is, on aver-
age, the one located at the same position in the reference
sequence, then there is no need to build the hash table. In
fact, the hash table is used for speeding up the process of finding
k-mer matches and is overkilling if the sequences are aligned,
because it claims unnecessary memory and time. This special
mode is selected if the reference and target sequences have the
same size. However, there are situations where, despite the
sequences having equal size, they are not aligned and, therefore,
this mode would produce poor compression results. This flag
turns off this special mode, forcing the use of the hash table.

4. This parameter is also directly related to the encoding perfor-
mance of the method and may be adjusted according to the
degree of similarity between the reference and target sequences.
Basically, it controls howmany failures we allow the copy model
predictor to have before it is declared useless and is replaced by
another. For target sequences that are reasonably similar to the
reference sequence, it is safe to use a value greater than the
default (zero), because, despite some prediction failures due,
for example, to SNPs, it is expected that a given copy model is
useful for long segments. When the target and reference
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sequence are considerably dissimilar, then it is better to replace
the copy model as soon as it starts failing the predictions.

5. This note applies both to the reference and target sequences. It
also applies to the reference sequence used by the decoder. The
files can be plain text or compressed by “gzip.” FASTA files are
handled by ignoring all lines starting with the “ > ” character.
All new line characters are also ignored. All other characters are
considered as belonging to the sequence to be encoded.

6. The output file will contain only the characters that have been
considered by the encoder as part of the sequence. Therefore,
FASTA formatting is lost. Also, the output file will be made of a
single line, i.e., without line breaks. If this option is not present,
the decoder will run normally, but without producing an out-
put file.

7. The probabilities of the symbols may change along the mes-
sage. In fact, this is what makes arithmetic coding powerful,
because the statistical model of the source can be continuously
updated as encoding proceeds. The only requirement is that the
encoder and decoder must be synchronized, i.e., for a given
position in the message, the statistical model has to produce
exactly the same probability distribution both at the encoder
and at the decoder.

8. In practice, arithmetic coding cannot be implemented using
directly the procedure that we have described, because the
floating point precision would be exhausted quickly. The first
practical arithmetic coding algorithm was introduced by Rissa-
nen in 1976 [19]. Further detailing how arithmetic coding is
implemented is out of the scope of this chapter. Interested
readers can obtain more details in e.g. [20].

9. GReEn does not compress the reference sequence. If needed, it
can be compressed using a general purposed compression pro-
gram, such as “gzip,” or a specialized DNA compression tool
[11, 17].

10. Note that, whereas the θ(c) values are fixed for a given target
sequence, the Pn(c) values usually change along the coding
process. Moreover, the θ(c) values are the only ones that are
known in advance to both the encoder and the decoder. There-
fore, they are communicated to the decoder before decoding
starts. All other statistical information related to the target
sequence is collected as encoding (decoding) proceeds, i.e.,
the process is causal. Hence, for a certain position n in the
target sequence, the encoder can use only past information
for inferring the statistics.

11. Note that characters of the reference sequence that do not
appear in the target sequence do not belong to C.
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12. The first two branches of Eq. 2 correspond to Laplace prob-
ability estimators of the form

PðEkÞ ¼ NEk þ 1

PK

k¼1

NEk
þK

; Ek � C;

where the Eks form a set of K collectively exhaustive and mutu-
ally exclusive events, andNEk

denotes the number of times that
event Ek has occurred in the past. In Eq. 3 we considered three
events, namely, E1 ¼ { p1n}, E2 ¼ { p2n}, and E3 ¼ C n fp1n; p2ng.
The third branch of Eq. 3 defines how the probability assigned
to E3, i.e., 1� PðE1Þ � PðE2Þ, is distributed among the indi-
vidual characters of E3. This distribution is proportional to the
relative frequencies of the characters, θ(c), after discounting the
effect of treating p1n and p2n differently.
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