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Abstract—Current bioinformatics applications require both structural genomics and genome-wide association stuities |
management of huge amounts of data and heavy computation: EIGENSTRAT[5], PLINK[6], fastPHASE[7] and MACHI[8] —

fulfilling these r_equirements call; for simple ways to implemgnt since they typically contain a mixture of these two computa-
parallel computing. MapReduce is a general-purpose paralleliza- tional flavors

tion technology that appears to be particularly well adapted
to this task. Here we report on its application, using its open
source implementation Hadoop, to two relevant algorithms:
BLAST and GSEA. The first is characterized by streaming
computation on large data sets, while the second requires a
multi-pass computational strategy on relatively small data sets.
The analysis of these algorithms is relevant to a wide class of Hadoop[2] offers an open source implementation of the
complex applications, e.g., structural genomics and genome-wide MapReduce framework and a distributed file system (HDFS,

association studies, since they typically contain a mixture of these o . .
two computational flavors. Our results are very promising and Hadoop Distributed File System) on which the framework can

indicate that the framework could have a wide range of bioin- Pe run. Each node in a Hadoop implementation can act as a
formatics applications while maintaining good computational master or slave with respect to both HDFS and MapReduce.

Il. IMPLEMENTATION

A. Hadoop

efficiency, scalability and ease of maintenance. Hadoop Node types are:
namenode: it is the file system master. It splits files into
. INTRODUCTION blocks and distributes them across the cluster with refidica

Over the past few years, advances in the field of moIecquect)lr fault tolerance. The namenode holds 'aII metadata infor-
biology and genomic technologies have led to an eXplosi\r/neatlon about stored files and acts as an interface that allows
growth of digital biological information. The analysis dfi$ groups of data blocks to be seen as ordinary files.

large amount of data is commonly based on the extensive job :jrackte;r: Itolls thilMall(pll?edqce maséer. It'querles rt}he K
and repeated use of conceptually parallel algorithms, mdigmenode about data block locations and assigns each tas

notably in the context of sequence alignment and gene dg_the task_tracker which is closest to where the data to be
pression analysis. Here, we will show how a general-purpog@)Cessed IS Physmally stored. i
parallelization technology (MapReduce[1], in its openrseu datanodes: they are the HDFS slaves. They physically

implementation, Hadoop[2]) could be easily and succelysfuﬁtore data blo<_:ks,_ serve read/w_rite requests from cliemts a
tailored to tackle this class of problems with good perfancea  Propagate replication tasks as directed by the namenode. Th
and scalability, and, more importantly, how this technglog”amemde also acts as a datanode and holds its share of.blocks

could be the basis of a computational parallel platform for task trackers: they are the MapReduce slaves. They

several problems in the context of computational biology. €Xecute map and reduce jobs on their assigned data pastition
MapReduce[1] is a computational paradigm where the a@s directed by the job tracker. The job tracker also acts as a

plication is divided into many small fragments, each of victask tracker.

may be executed on any node in a cluster of COTS machinesOne of the key features of this framework is its WORM

The framework takes care of data partitioning, scheduling/Vrite Once, Read Many) data storage model, which allows

load balancing, machine failure handling and inter-maehifor high-level parallelization in data access without theed

communication, while developers need only write their applfor complex synchronization mechanisms. This model suits

cation in terms of avlap function, which produces a set ofwell bioinformatics applications which are typically char

intermediate key/value pairs for each input line, arideduce terized by large amounts of data that are not modified during

function, which merges together these values to form thé firfajob run.

output. All results described In this paper, if not otherwise spedifi
Several bioinformatics applications seem compatible withere obtained using Hadoop version 0.17.

this paradigm. Here we will consider two qualitatively dif-

ferent algorithms, BLAST[3] and GSEA[4]. The first is char-

acterized by streaming computation on large data setsewtﬁ' BLAST

the second requires a multi-pass computational strategy oBLAST[3] (Basic Local Alignment and Search Tool) is the

relatively small data sets. The analysis of these algosthmost widely used sequence alignment tool. For a detailed

is relevant to a wide class of complex applications — e.glescription, see [9].



We used our own Python wrapper[10] for the NCBI C+-above. The reducer reads observed and permuted statitics f
Toolkit[11] and Hadoop Streaming to build an executable mapach gene set to compute p-valueshVf; is the total number
per for BLAST (the reducer is trivial in this case). Althougtof (compiled) gene sets amd, is the number of permutations,
the natural way of developing applications for Hadoop is tine reducer outputs, for each gene 6&;, i = 1... Ny, a
write Java classes, the Hadoop Streaming utility (incluigted set of tab-separated tuples:
the Hadoop distribution) allows the user to create and run
jobs with any executable as the mapper and/or the reducer.  {(GSN;, ESio, NESio, PV;, NES;j)}j=1..n,-

Sequence datas'etg have been converted'to a one-Sequence-pE tuple elements are respectively the gene set name, the
line format to eliminate the need for an input formatter. Th bserved enrichment score. the observed normalized enrich

mapper simply reads one sequence at a time from stand%r nt score (NES), the p-value and the NES for permutation

'rgzlét f(rvc\)/mcthr{eaitnmunt“g;fécltirfe)d :gr;hﬁt;?rgsevéﬁrkn:nvggtdﬁt nrichment scores are normalized to account for difference
P Y), P Y Ilgene set size and in correlations between gene sets and

the given query sequence and outputs a tab-separate&reﬁHe expression dataset. The normalization factor is thenmea

line. of all enrichment scores for a specific gene set across all
permutations, computed separately for positive and negati
C. GSEA observed enrichment scores:

GSEA (Gene Set Enrichment Analysis) is a DNA microar- NES. = { NES;g if ES; >0
ray data analysis tool which tests whole gene sets for @orrel N NES;; if ES; <0
tion with phenotype conditions. The statistic used to estdu .
this correlation is called Enrichment Score (ES), a meaenreWlth ES;;:
the degree to which a gene set is overrepresented at the top NES$ = 1T N, ) 1)
or bottom of a ranked list of genes. P-values are computed N, Lnl1 ESi[ESix 2 0]
empirically by comparing the observed statistics with the ES. .
ones obtained by N random reshufflings (permutations) of the NES;; = = (2)

~ .
phenotype class labels. False Discovery Rate (FDR) g-salue N% 2oty ESiESi < 0]
are then computed to correct for multiple hypothesis t&16. \ypere [S] denotes the characteristic function $f
further details, see[4].

Our implementation refers to the core GSEA algorithm, 5] E{ 0 if Sis false
which computes a statistical significance value for all gene 1 if Sis true

sets, without individual gene set reports and plots. We algfase 2 and 3 use observed and permuted NES to compute
used default values for the various statistical optionsjnas {pq g-values. Two distinct phases are needed because the
[4]. ) . ) FDR algorithm used by GSEA requires iterations in both
GSEA functions have also been rewritten[12] in Pythoghe girection of permutations and that of gene sets, while
and used with Hadoop Streaming for the MapReduce versiqayreduce works on a single reduce dimension. For each
Before the actual MapReduce application is run, two Preene set'S;, the mean fraction of gene sets with NES greater
processing phases must be performed: generate N rand@@y, NS, is computed over all permutations. This mean
permutations of the class labels vector and dump them to a {jle is computed for both permuted and observed statistics
along with an integer index. The O-index permutation is thge FDR g-value is then set to the ratio between the former
original class label vector, with the actual (“observed®a 5.4 the latter.
“‘compile” gene sets with respect to the dataset's genes. Byr, implement this algorithm according to the MapReduce
this we mean that text gene ,Iabels are replaced with indiGesadigm, we had the phase 2 mapper regenerate a permutation
(integers) into the dataset file’s gene list. Limits on maxim |5 siream (note that there’s no need to have a O-index permu-
and minimum number of genes per set are also applied duriggon pecause observed statistics have already been tepu

this phase, so that only those sets that meet the limits &re | e ysed as key, so that the framework automatically groups

in the compiled gene set file. _ records by permutation. The mapper outputs the followirig se
These pre-processing phases are very low-weight and e@nyples for each gene sétS;:

be run locally on the machine that launches the MapReduce
application. {(ID;,GSN;, ESio, NES;o, PV, NES;;)}j=1..N,-
The MapReduce version has been implemented in three _ )
phases, with the output of each phase acting as the input Tére phase 2 reducer will access this data stream sorted by ID

the next one. and compute, for each permutation:
In phase 1, the mapper reads class label vector permuta- [ if NES>0
tions from stdin and a (GCT, GMT) file pair (respectively Tijg = " if NES; <0

the dataset and the gene set list file), computes enrichment
scores for each gene set and outputgyang_set _nane, With N
pernutation_id, enrichnment_score) tab-separated o+ 21 [NESy; > NES;o] 3)

- )

stream. The GMT file must be pre-compiled as described Y va:"f [NES;; > 0]




BLAST relative speedup
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and output the following set of tuples for each gene(ssi: B
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{(GSN;, ESio, NESqo, PV, 7i5)}j=1..N,-

P
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Using an identity mapper in phase @S N; becomes the key,

30F “ e

therefore the phase 3 reducer receives the data streand sori
by gene set name and is able to compute: sl R | _ [
N,
S I 1
j=1"1j 1 P
pi= = (5) L
p i [ i H i [ [ [
) 1 5 13 21 29 37 44 53 61 69
for each gene set. The general formula to get the g-value is number of nodes (n)
— min Hi 1 (6) Fig. 1. BLAST relative speedup, average performance on 3 Every node
% = Mz‘07 ’ has four CPU cores, for a total of 276 cores with 69 nodes. Heeeran a

) ) 10 sequences, 814 bases average length query against theabase, using
Following [4], we estimate.;, as;o = 40, that can be easily the tblastx program with an e-value threshold16f~>°. We set the HDFS

computed by the phase 2 reducer and passed on as input B3¢ Size to 100 MB.
to phase 3 (this value is not shown in the above equations for
simplicity).

The record key switchings in phase 2 and 3 can be seen : __ PlASTabsoltespeedup
transpositions of the NES matrix, which turn data in the two )
directions of gene sets and permutations as needed by ea T o P R
phases’s reducer.

50 B : A B ~
-

I1l. RESULTS aof .

T1/Tn

Our test cluster consists of 69 nodes, each of whon N L 4 [
equipped with two dual-core AMD Opteron 2218 (2600 MHz)
CPUs and two Western Digital WD2500JS hard disks (25C 20k i v i i ]
GB, 3 Gh/s, 7200 RPM). 23 of these nodes have 16 GB o
RAM, while the remaining 46 have 8. All nodes are connectec oy 1
through Gb Ethernet. i

i ; i I I i i i
1 5 13 21 29 37 44 53 61 9
number of nodes (n)

A. BLAST

s : ig. 2. BLAST absolute speedup, average performance on 3 Ewey
We downloaded the “nt” database in FASTA format[l'?’Iode has four CPU cores, for a total of 276 cores with 69 noBagallel

from the NCBI ftp site[14]. As of Aug. 27, 2008, the nNtperformance data is the same as in relative speedup. To getfirence
database consists of 7348665 sequences for a total sizémpfementation timing, we scheduled four blastall threade (oer CPU core)

24 GB. We set HDFS block size to 100 MB, obtaining 2487 % ?'hng'rir;“;‘iﬁ?r:get-wzwgofgtgeq[f’e“rfyt]!i‘lf_ads were assigned a8 e,
blocks: this is less than the number of cores, but we schedule

10 mappers per node (following directions from [15]) and

set replication factor to 5 to get a good load balance. Since

BLAST results come directly out of the mapper, and their As shown in fig. 1 and 2, scalability is good up to a cluster
overall size is typically in the order of kilobytes (allovgrfor size of 21 nodes (84 cores), then it starts to get worse: a thor
easy single-machine post-processing), we set up a mappergh analysis of the causes underlying this behavior alfowe
only job (number of reducers set to 0). With this setup, wés to understand in greater depth the main factors affecting
ran tblastx (the most computationally intensive algorithm Hadoop performance. Machine load variation analysis shows
the BLAST family) for a query file consisting of 10 sequencethat bad scalability is correlated to cluster underutilaa
with an average length of 814 bases, a subset of an input fltuster sizes in the bad scalability range (more than 21sjode
for an application we are currently developing for automatiare characterized by a load pattern like the one shown in fig.
annotation of gene expression probes. Typical datasetgifor 3, which refers to one of the three iterations run on the full
application contain hundreds of sequences, but we limitstister (69 nodes): the cluster runs at near-full capaaitypg¢st

our sample to 10 in order to be able to run multiple tests threads per host) for a fraction of the job’s running time,
within reasonable time even with a small number of nodeshile a lot of CPU cycles are wasted in the beginning and,
We measured scalability with cluster sizes in the 5-69 node®re consistently, the ending transient.

range, with steps of 8 nodes. A comparison with the load pattern for a 13 nodes run (see



job 200808291308 0002 (69 nodes) cluster underutilization due to idle processors. To tegt th
‘ ‘ ‘ ‘ ‘ behavior, we extracted an 832 MB chunk of nt and uploaded
it to a 13 nodes cluster, obtaining 26 blocks of 32 MB each
(half the number of cores). With this setup we ran the same

I - ]
job used to test blast scalability, with a number of map tasks

il | varying between 26 and 260.
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Fig. 3. Machine load pattern for a 69 nodes run. The blue, rettdack
lines indicate respectively the minimum, mean and maximum loachpée.
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Fig. 5. Dependency of job completion time on the total number gipees.
The model dataset has been uploaded with a fixed number of b{@6js
equal to half the number of CPU cores.

As shown in fig. 5, job execution time reached its minimum
when the number of mappers was equal to the number of
CPU cores. As a rule of thumb, therefore, datasets should
be uploaded to HDFS with a block size that results in a total
number of blocks close to the number of available CPU cores.
3 T T o0 2 3m In our scalability test, on the other hand, we set the number

e of mappers to ten times the number of nodes, (i.e., 2.5 times
the number of cores). For cluster sizes up to and including 21
nodes, though, this value falls below the 245 (number of data
blocks) mappers threshold imposed by the framework, which
explains why scalability stays good in this range.

Even with optimal balancing, though, all load patterns
fig. 4) shows that in the latter case much less CPU cycleghibit a more or less pronounced “tail effect”, a decrease
are wasted. Since these are map-only jobs, and the maximimnaverage load towards the end of the job due to the fact that
number of parallel map tasks was set to be equal to the numb#ferent tasks are completed with different speeds antesi
of CPU cores, it's easy to measure cluster utilization as th# tasks have already been scheduled, some cores are forced
ratio between the area under the red curve and the whadesit idle waiting for the others to finish. This effect is gty
rectangle corresponding to the ideal situation in whiclhafits reduced when there are more jobs to run in succession: if all
have a running thread on each CPU core from start to erjobs are submitted at the same time, in fact, Hadoop places
this yields 69.23% and 92.73% (on average across three ruth®m in a queue and CPU cores start receiving tasks from the
respectively for 69 and 13 nodes. next job as soon as they are left idle.

For a fixed block size, the most important variable governing Table | shows timings for a queue of five instances of the
load balance seems to be the total number of mappesame job run for the scalability test, with 13 nodes. Since
which can be set with theapred.map.tasks job configuration average completion time for this job when running alone was
parameter. It's worth noting that Hadoop does not allow thB42.9 seconds, running job queues has a different effect for
guantity to go below the total number of HDFS input blockdlifferent user perspectives: each job submitter after tis fi
therefore the block size used to upload input data imposase sees a modest increase in elapsed time and a consistent
a lower limit on the total number of mappers. Since evelncrease in turnaround, proportional to the job’s placehia t
MapReduce thread adds some startup overhead, it woulddaeue; cluster administrators, on the other hand, see a net
desirable to run as few maps as possible. On the other hadegrease in completion time per job and an overall increase
having less map tasks than CPU cores will surely result in effective throughput.

min, mean, max load per host

Fig. 4. Machine load pattern for a 13 nodes run. The blue, retl tdack
lines indicate respectively the minimum, mean and maximum loachpée.



TABLE | . . .
HADOOP JOB QUEUE TIMINGS(IN SECONDS consistent and robust environment that can cope very wiil wi

large quantities of data and parallel problems where data ca
be parceled in loosely coupled blocks of sizes up to roughly

lolb e;gsgd Via;t tu";r:uznd the amount of RAM of a node. Within these constraints, the
' : ’ framework shows good computational efficiency, scalabilit
2 350.9 316.1 667.0 . i
and ease of maintenance. In [18] Y. Sun and others describe
3 351.5 637.7 989.2 S - X
a framework that is in the same spirit of this paper, but
4 353.6 959.4 1313.0 . . X .
implemented as an ad-hoc grid solution, with a backup task
5 351.5 1281.2 1632.7 S :
system inspired by MapReduce but without the central featur
mean 350.1 639.1 989.2 f . tati | t h dat id
queue | 1633.7 (326.77j0D) of moving computation close to where data reside.

Being one of the most widely used bioinformatics tools,
and due to its naturally parallel structure, BLAST has been
the target of many parallel implementations, e.g., Soap-
HT-BLAST[19], mpiBLAST[20], GridBLAST[21], W.ND
BLAST[22], Squid[23], ScalaBlast[24]. However, these Iy

TABLE I
GSEATIMINGS (IN SECONDY

nodes elapsed mentations are based on a different computing infrastractu
phase 1| phase 2| phase 3| global model from the one described here and are directly tailored

5 937.1 | 1540 | 752 | 1166.3 to specific low-level details (message passing libraries an
13 | 3826 | 748 | 476 | 5050 such, as MPI, or grid frameworks like Globus). They are
21 | 2465 | 601 | 395 | 346.1 also BLAST-specific rather than general-purpose. Moreover
29 | 1896 | 579 | 412 | 2887 their installation and maintenance tend to be complicated i

compared to the deployment of a Hadoop cluster. Finally,
using a widespread parallelization strategy like Hadotgel
B. GSEA for piggybacking on its development, reaping the benefits of

. ach new release with no effort.
We tested GSEA on data available from the authors[lfﬁ._l_he reference implementation of GSEA is in R/Java. As far

the Lung Boston dataset (5217 genes by 62 samples) vs the we know, this is the first parallel implementation and the

C2 functional pathways database (522 gene sets with a m 3 . .
size of 32.66 genes). We imposed the same limits on gene éét} one that makes it feasible to run hundred of thousands

size used in [4] (minimum 15, maximum 500), but setting the permutations on datasets of more than 10000 genes by 100
number of permutations tmog; instead of 1006 It is worth patients and gene sets databases with thousands of elements

noting that this job cannot even run on a single machine in
its original R implementation (the script exits with a memor V. CONCLUSIONS

allocation error). _ .
e . . Our preliminary results suggest that MapReduce is a versa-
Table 1l shows GSEA timings for cluster sizes in the 5 P y g9 b

file framework that can easily handle both “canonical”’ prob
29 range. There is little gain in using more nodes for thI y P

. . " MRms (relatively light computations on very large datasatsl
kind of job. We tested the full 69 nodes cluster with #on-standard ones (heavy processing of small datasets). Du

muc_h larger dataSEt from a medulloblastoma study (not%%t the framework-driven nature of MapReduce applications,
publlshed)_, Wh_'Ch has 21464 genes and 28 samples, Obta'r\}vr}gere every task is characterized by a competition between
a completion time of 405.6 _seconds.S . startup overhead and actual computing time, scalabiligea

Of course, one could object tha0 permuFatlons of the tends to be problem size-dependent. Elapsed time will avent
c_Iass Iabels. are seldgm needgd,. but even.vy|th 1000 per.m% reach a saturation point, theoretically when all of skis
tions there is a consistent gain in paraIIeI|z'|ng th_e_ahyam running time is occupied by startup overhead but, in practic
if the .datase't and/or the gene set database is suﬁmgm@g.lamr the various reasons discussed in the above sectiond) muc
This is confirmed b)_/ our resilts on a datase_t derived frof) ier. Most of these effects, though, are much less reteva
a s_tudy on metastatic neuroblastoma[17] publlshed_ on GEi??’a production environment tailored to handle continuais |
which measures 13238 genes by 117 samples, using VefﬂB(hs, where cluster underutilization is negligible.

2 of the C2 database, which consists of 1687 gene sets wit Even though performance is highly dependent on a limited

mean size of 66.97 genes. In this case our implementation : .
using only four nodes, finished in 0536 and the R On?lu’mber of parameters, these can be easily adjusted to the

- ) .groblem at hand with a few preliminary tests. Since many
_(mod!ﬁed fo perform only basic p-value_and FDR analysi ther bioinformatics application can be expressed in tesfns
in 45'20. Therefore, for computationally intensive jobsee he MapReduce paradigm, Hadoop constitutes a simpleyeasil
with a small number of nodes results are better by an or éployable, open source solution that can easily harness th
of magnitude. power of COTS computational clusters.
We are currently working on applying this computational
IV. RELATED WORK approach to a broader set of problems, e.g., structural ge-
As discussed above, the MapReduce framework seems tabenics and genome-wide association studies, and to explore
particularly well adapted to bioinformatics, since it pides a the related configuration tuning issues, including thect$fef



data and computation distribution strategies on the olvgral [26] “http:/highscalability.com/kosmos-file-system-kisw-high-end-
completion time. From preliminary tests run with Xen[25] we  9oogle-file-system-option.”

have indications that using virtual machines introducesrg v

small overhead (less than 5%). We are currently taking advan

tage of this to quickly set up, migrate and destroy largeescal

virtual clusters that make use of different MapReduce and/o

distributed file system implementations (e.g., kosmog[26]
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