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A Design on Informal Big Data Topic Extraction System
Based on Spark Framework

Kiejin Park’

ABSTRACT

As on-line informal text data have massive in its volume and have unstructured characteristics in nature, there are limitations in
applying traditional relational data model technologies for data storage and data analysis jobs. Moreover, using dynamically generating
massive social data, social user's real-time reaction analysis tasks is hard to accomplish. In the paper, to capture easily the semantics of
massive and informal on-line documents with unsupervised learning mechanism, we design and implement automatic topic extraction
systems according to the mass of the words that consists a document. The input data set to the proposed system are generated first,
using N-gram algorithm to build multiple words to capture the meaning of the sentences precisely, and Hadoop and Spark (In-memory
distributed computing framework) are adopted to run topic model. In the experiment phases, TB level input data are processed for data
preprocessing and proposed topic extraction steps are applied. We conclude that the proposed system shows good performance in
extracting meaningful topics in time as the intermediate results come from main memories directly instead of an HDD reading.
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2.2 LDA(Latent Dirichlet Allocation) E= 2@
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polap=]][ p(ﬁdla}(ﬂz P(24n 8P (Wi |zd.,.,5)) a:  (2)
d=1 n=1

o1714, p(6dla)= K-dimensional Dirichlet Distribution
o]a, a, B= Hidden Parameter, 69} z+= Hidden Variable,
ol wiE FYg #5 dolgolth EAE E¥e] 23X 6
=  Multinomial Distribution®.® 3. ©o]o] th3+ Prior
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Fig. 1. The Architecture of Topic Extraction System
Using Spark
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Fig. 2. Data Preprocessing and Topic Extraction Flow
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Sample Source in Scala

/| Data  Frame
1) | val df = sglContext.read.json("Dataset’)

/I Stopword Removal
2 | val remover = new StopWordsRemover().setinputCol(regexTokenizer.getOutoutCol)

/I Call  n-gram
3 | val  ngram = new
NGram().setN(2).setinputCol(remover.getOutputCol).setOutputCol("ngrams”)

val  pipeline = new Pipeline().setStages(Array(regexTokenizer, remover, ngram))
val  dft = pipelinefit(df).transform(df)

Fig. 3. Sample Code for the Proposed Topic Extraction Process

3.3 Spark ollAe] Ex =E 2A Xz

LDA =3 e ven|e 32 A5 Fig. 4o Hehd
Ko, E-Step> @A FEElE o]g3te] AwWFe
7] 2] (Expectation) S AlAtel= 34 o] a1, M-Step> E-Step
oAl Zolxl ZlgixE A #AGORT st R4
TE Hu3H(Maximization)dt= FEv|EE 2= 4ot}



524 HEMeISSl=EX/AZERIN & HOIH &

Algorithm LDA: pseudo code

while relative improvement in loss function do
E-Step:
for d =1 to D do
repeat
update document/topic distribution for d
update topic/word assignments for d
until convergence
M-Step:
update topic/word distribution

Fig. 4. LDA Topic Model Parameter Inference Algorithm
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Table 1. Experiment Environments

T Spec.
CPU: Intel Core i5 or i7(Skylake), 3.2GHz
Data Node Memory: 384 GB (64 GB * 6 nodes)
(Slave)
HDD: 64 TB = (8 TB * 6 nodes)

0.S. Ubuntu 14.04 LTS
Big Data Hadoop 2.7 / Spark 2.0
Platform

M-Step: IndexedRowMatrix

d, | (Wi D), (Wi, B)y e (Wi, ) | = | (Wyg, 1), (Wip, 1), e (Wi, 1) _QI’ (wyy, 1), (Wip 0), - (Wi, 1)
|
d, | (W B), (W, ), oo (Wo, ) | = | (W, ), (Wap, 1), e (W, 1) __:> (Way, 0), (Wap, 1), ... (Way, )
|
—_— —_— ——:—>
|
|

d: document f: frequency
W,: Word m in document n u: update
Wy, word m in Topic k S:sum

n: new

d, | Wy f), (W, D)y (W ) | T (Wagy W), (Wi, 1), e (Wi 1) _C" (Way ), (Wagy 1), .. (W, 1)

(W11, 8), (W12, 5), oo (Wipy 5)

Wiy, 8), (W ), wes (Wicm S)

“Intermediate” topics

Fig. 5. LDA Calculation Process in Spark
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Table 2. Results of [Unigram + LDA]
Topicl Topic2 Topic3 Topic4 Topics
term weight term weight term weight term weight term weight
fat 0.0171 want 0.0174 getting 0.0242 gym 0.0191 doing 9.0204
eat 0.0159 know 0.0160 message 0.0228 i've 0.0137 work 0.0146
calories 8.0155 think 8.8153 started 8.08219 going 0.0126 squat 0.8117
muscle 0.0148 training 8.0116 post B6.0210 really 8.0117 bench 8.0106
protein 0.0129 look 0.0114 questions 0.0205 got 0.0082 1bs 0.08102
Table 3. Results of [Bigram + LDA]
Topicl Topic2 Topic3 Topic4 Topics
term weight term weight term weight term weight term weight
bench press 8.0017 lose weight 0.0026 sort new 0.0106 https www 9.0029 feel like 9.8022
imgur com 8.0817 body fat B.0819 foolish friday  ©.0895 wiki index 8.0028 don't know 0.8020
pull ups 6.0614 weight loss 0.0019 |fitness comments 0.0674 youtube com 0.0026 it's just 8.e014
http imgur 8.0013 make sure 0.0814 |questions concerns @.0065 wwW youtube 8.0025 don't want 8.0013
days week 8.0011 losing weight 0.0014 subreddit message 0.0865 com watch 0.0025 don't think 8.8013
Table 4. Results of [Trigram + LDA]
Topicl Topic2 Topic3 Topic4 Topics
term weight term weight term weight term weight term weight
. . . PP 0.085 . 0.083
new amp restrict 9.8736 www youtube com 8.8023 link http www 0.0019 |fitness wiki index 5 http imgur com 1
posts specific questions contact moderators ©.085 www bodybuilding ©.803
. 8.7211| youtube com watcl ©.0022 L 0.0012 .
fitness answered wiki subreddit 4 com 1
. performed
fitness promote . . 8.085 http www 9.002
A . 5.7869 com watch v 8.8022 http imgur com 0.0087 automatically .
discussion 2 bodybuilding 7
contact
specific fitness faq getting moderators 0.085 . . 0.082
5.7815| https www youtube ©.0020 0.0006 . ice cream fitness
promote started subreddit message 1
dical inj ti f d 9.085 bodybuildi 8.002
search q flair 5.7266 medics .J.njur‘y 8.8013 feel free make 0.0086 sctien pe.r‘ orme cdybuitding com
advice automatically 1 fun 1
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