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Sequencing technologies have been one of the
major driving forces in the life sciences pro-
ducing the full genome sequences of thousands
of prokaryotic and dozens of eukaryotic organ-
isms, from yeast to man. This trend is be-
ing accentuated by modern high-throughput
sequencing (HTS) technologies: several human
genomes were recently produced [1, 2, 3] and a
project to sequence 1,000 human genomes in the
next few years is under way [4]. HTS technolo-

An integer can be represesnted as a preamble
p(j) and a mantissa m(j). p(j) is a string of ze-
roes of length |log j |, and m(j) is the binary en-
coding of j. The length of the encoding of j is
2|log 5| + 1. To decode, first read n 0-bits until
the first 1-bit is encountered, then read n more
bits to get the binary representation of j. Ap-
plying the relationship —log P(j) ~ 2|logj| +1
to the integer probabilities, shows that Elias
Gamma encoding asymptotically approaches

When the value of the integers being en-
coded increases monotonically, additional loss-
less compression can be obtained by encoding
only the scale increases and their location.
More precisely, if a sequence of strictly increas-
ing addresses is given by (71, 72, ..., JK):

* encode j; using Elias Gamma encoding;

e for:¢ > 2, write |log(j;)| — |log j;_1]| O-bits

followed by the binary value of j; begin-
ning with its most significant 1-bit.

the Shannon limit for P(j) ~ Cj~ 2 (a power
law relationship with exponent -2, C' is a nor-
malizing constant).

gies are useful for sequencing and resequencing
genomes, digital expression microarrays, ChIP-
Seq and SNP genotyping. In all cases, the
amount of data produced by HTS technolo-
gies as experiments scale up creates significant
bioinformatics challenges to understand, store

To decode each integer, set k£ = 1, then repeat:

* increment k£ by the number of 0-bits in the
input stream before reaching the first 1-

bit;

and share data. Dataset # Reads Length Coverage

: _ Ty3 0.8M 19 very sparse , L , , o
We are developing data structures and com Woid 5] 17M 55 s}}])afse e counting this first 1-bit as the first digit of
pression algorithms for efficient management Yan22 [3]  31M 23-44 full the integer, read the remaining & — 1 bits

and storage of HTS data. Because of the varia-
tions that may exist between different technolo-
gies and constraints associated with deploy-
ment scenarios, our goal is not to provide a sin-
gle solution, but to describe general methods by
which customized solutions can be developed.

General Approach

HTS
_ Technology

of the integer from the input stream.
Datasets are from sequencing, TF binding, and insertion site

mapping experiments with different combination of cover-

age, redundancy and specificity in the genome.

Applying Encoding to Mismatches and Locations

A HTS read can be described by its mapped location to a reference sequence and the mismatches
that occur between the original read and the reference. The location consists of a chromosome, a
integer position, the strand, and the length of the read (if not fixed). A mismatch is given by the
position in the read and the nucleotide changed versus the reference sequence. The position is
encoded directly (either relative to the start or end of the read).

Location EG Encoded Absolute (total) EG Encoded Relative (total) MOV (total)
Giorn s 1000 0000000001111101000 (20) 3 -
aligners 1024 000000000010000000000 (22) 000011000 (9) 010000000000 (12)
5000 0000000000001001110001000 (26)  00000000000111110100000 (23)  001001110001000 (15)

= Mismatch  Ocurrence  Start (total) End (total) Combined (total)
dla
12G 100 0001100010 (300) 0001101010 (300) 1 (100)

Elias Gamma (EG) encoding was applied to both the absolute and relative start positions, while monotone value (MOV)
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encoding was applied only to the absolute start positions.
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