Comparison of Histone Protein Locating Algorithms

Kate Fischl, Princeton University.

Mentors: Prof. Min Wu, Prof. Jiuzhou Song, Avinash Varna, Wei-Hong Chuang, Apratim Mitra

Introduction o Lo Results and Findings

D. E. Schones and K. Zhao. 2008.

e - Epigenetics: ot  Data from chickens inbred to have the same DNA
] \ B ’ : B4 = = —| . . .
study changes in i * When exposed to disease some chickens infected, some

gene expression Y e resistant. Related to histone protein modification location.

caused by factors
o outside of the DNA

Difference Between Infected and Non-Infected Data

* SICER outputs

sequence L 0.025 .
e A Vi) p o ANy~ s P 002 ¢ greater differences
e o/ J 0.015
» Histone protein = = 0.01 between non-
o | S 0.005 | fisiael, i
modifications linked i S o ek " wics !nIecteg 3nd ]
. . . . S 0005 LS In n
| to epigenetics ChIP: Chromatin seq: High-throughput 500 M:gtg ata tha
J. Qiu. 2006. Immunoprecipitation seqguencing techniques 0015 1—* .
-0.02 —*
* ChIP-Seq coupled with processing algorithms locates histone protein modifications along genome 0.025
0.00E+00 Base Pzé(i)rOE+O7
;. —;: i Methods Peak Identification + Without control Staustically Signficant Peaie
: : of interest 500
5’ Positive strand : : 3 o o . d at a’ M AC S "
3! ' y Negative strand 5 MACS cxd 400 1
i E E SISSRS i locates more & 0
:r:::‘::fc\:;are_ — : * 30+ Open Sourc.e SOftwa.re paCkageS for E Spp mtc | | [ | | | Significant peaks ‘E |
p— ChIP-Seq analysis: D spwdis g 2
e N E nal orofile 9 t o * With control S 100 -
== : ~orm signal profile from read counts = pea
—— :' : ) g p E PeakSeq | | data, SICER 0 -
' — i i i i = SICER _ MACS
——— 2) ldentify locations of peaks in signal § ERANCE o locates more Algorithm
Gl | i o MCPF | = NRSF Si n iﬁcant eakS ® Non-Infected Data; No Control
Rl R _ . 3) Determine significance of peaks Sl Seac ° P @ fete bt o o s Contol
—= _— !
Distribution of tags f ! Reference genome Core peaksl
e o 5 10 15 20 Role of Control Data in MACS -
SICER FIOW Ch art Number of Peaks (thousands) 0.2 ‘ . : ‘ ; . InfeCted data Wlth
Schin s rennad e ' K E.G. Wilbanks and M.T. Facciotti. 2010. no COﬂthl SUbtraCted
S — —— s oo st 0.15/ from infected data
with a fragment of o ! R on either profile in adjusted reads. ° . l . . .
estnmatedsnztj . 1 S = summar_;rhvlgﬂlu . s EX'Stlng StUdleS Compare peak 8 01 Wlth non_lnfected aS
| ! — ) et gap 5|zel, identi . L o . . L o .
S———— / — and sore sands |dent.|f|(.:at|on and significance % control
! prediction £ 0.05 . -
- 9 9 " * MACS Iidentifies
control ® .
.3, Park. 2000, T N e ot thrgguriginoarllgli)r:itﬁrrr??n ng 0 areas of difference
based on random hapkgmund of islands based on . _ .
- Peak analysis algorithms use A T 008 beg"",ef” Pod”C:”IeCted
. . . . . e control library can slands threshold. _ . . . . .
POISSO” dlstrlbutlonS, negatlve isalﬁakgrg?:;:g & 1) SICER Spatlal CIUSterlng Base Pair X107 ana inrecte ala
and g-value
binomial models, t-distributions, o sach canciste [——————— ) '
| . end aiand summery 2) MACS - local Poisson » SICER unable to compare the role of control data
Gaussian kernel density et a pvalue b v distribution o .
L . . ooR, E—— In this fashion
estimation, clustering techniques,

3) F-Seq - kernel density

C. Zang, et al. 20009. esti mation _ ) _
Acknowledgement: National Science Foundation CISE award #0755224

Markov models, among others



