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News Classification using Apache Lucene

In this paper, we describe the binary classification of textual messages using Apache Lucene. We
first describe the problem of “news classification” and the method to gather the dataset samples
used for models’ training and testing. We focus on creating and training classifiers based on
different indexes and models’ evaluation metrics. We choose three main attributes that affects
Apache Lucene indexes, and as a consequence affects accuracy of classifiers. One of the attributes
are words on which it is built. We use Ngram concept instead of words, where different N varies
from one to five. Second attribute is text preprocessing method, such as stemming and stop words
filtering. Third attribute is classification method. In this research we choose k-nearest neighbors
and naive Bayes classification methods. Variation of this attributes produces various index types.
As aresult, we provide analysis of the correlation between index type and the accuracy of classifiers.
Key words: Binary classification, learning algorithms, Apache Lucene.

Ay6axupos C.C., Axmen-3aku J1.2K., Tpuro I1.C.
Apache Lucene KemeriMeH >kaHAJBIKTAP KJacCUPUKAIASICHI

Byn makasmaga Apache Lucene kaJjblramMachl KOPCETKIIITEPIHIH HerisiHie MOTIHIIK XabapJia-
MaJIapAabl OMHAPJBIK TOHTay ecebi KapacThIpbliraH. HaKTbl yakbIT OONBIHINA TYCETiH MOTIHJIK
KAHAJIBIKTAP/IbI TonTay ecebi Koiiburan. OKBITY/IbI TAJIAll XKOHE TEeCTLIEI aJIyJIblH dicTeMeepi,
COHJIali-aK, TONTay MOJIAINIH OaraJlafiThIH 9JicTeMeiep OpKeHJeTiireH. 3eprrey OapbICHIHIA
Apache Lucene kepcerkimrepine »koHe TONTAay JJJINHE CAJgap PETIHIE BIKIAI eTeTiH Herisri
yIn arpubyT TaHman ajablErad. KepcerkimrepiH o3i ce3zep/ieH KypPbUIATHIHIBIKTAH ATHOYTTHIH,
Oopi ce3 GoabI TAaOBLIAALI. Bi3 ce3mepsin, opHbiHa Ngram yYPBIMBIH HafigaJ aHaMbl3, MYHIArbI
N 6ipmen Oecke peitin aybITKuabl. EkiHIm aTpubyT — MOTIHAI aJiIbIH aJia OHJEY OicCi, J9JpeK
alfiTcak MOTIHJII KAJIBIITAY YKOHE TOKTay-CO3/epii cyphinTay. Aj yimiHim arpubyT — TONTACTHIPY
mmmiHiE Kypy aJropuTMi. 3eprrey Ke3iHze 0i3 TeMeHJeri eki aJropuTMJi TaHgaln ajabik: «K —
€H, KaKbIH KOPIILIep» KoHe «AHrajaabiK 0aifecTiK TONTayIbl» 9aicTepiMeH TonTay. AJIFAIIKbL eKi
aTpubyTTHIH, ©3repici KOpCeTKim KacueTTepiHiH e3repicine okese/l, HOTHKECIHIE 9P TYDPJl KOp-
CeTKII TypJepi Kajibimracaabl. 2K yMbICTa TONTAyIIBLIADIBI OKBITY/Ia OJIAP/IbIH KOPCETKIIITepre
0ailyIaHBICHI MEH KYPaCTBIPY/IBIH IPAaKTUKAJIBIK YKAFbIHAH KY3€re achblpy *KarJailiapbl KapacThbl-
pburras. Kepcerkinn TypJiepiHiy Tonraymbiap Ao/ rHe bIKIaJ eTyiHe Tajjay *Kypri3ijireH.
Tyitiagi cesnep: Bunapibl kiaccudukarus, OKuITY ajgropurMep, Apache Lucene.
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Ay6akupos C.C., Axmen-3aku J1.2K., Tpuro I1.C.
Kuaaccudukarust HoBocteii mpu momoriu Apache Lucene

B mammoit cratbe paccmaTpuBaeTcs 3aj1ad9a OMHAPHON KIACCH(MUKAIME TEKCTOBBIX COOOIIEHUN Ha
6aze unjekcoB mirardopmbr Apache Lucene. CdhopmysmpoBana 3aada KaacCu(UKAIINT TEKCTO-
BBIX HOBOCTEIA, IIOCTYIIAIONIUX B PEXKUME PeajibHOr0 BpeMeHu. PazpaboTaHbl METO/IbI TOJIYI€HUST
TecTOBOI M OOy4Jaromeil BBIOOPKHU, a8 TaKKe MEeTObl OIEHK! TOYHOCTH Kjaccuduramuu. st uc-
cJieIoBaHusl ObLIN BBHIOPAHBI TPU OCHOBHBIX aTpubyTa, Bausiomux Ha uHjaekcbl Apache Lucene u,
KaK CJIEJICTBUE, HA TOYHOCTD KitaccudukaropoB. OpHuM 3 aTpudyTOB UHIEKCOB SIBIAIOTCH CJIOBA,
HA OCHOBE KOTOPBIX OHH MOCTpPOeHBbI. MbI ncrnosb3yem nousitre Ngram BMeCTO CJIOB, Tje auciio N
BapbUPYIOTCS OT OJTHOTO JI0 TIATH. BTOpoit aTpubyT - MeTOo 1 MpeBapuTeIbHO 00pabOTKM TEKCTA, a
MMEHHO HOPMAJIM3aIlisl TEKCTa U (PUIbTpalisi CTOI-CJI0B. Tperuit arpubyT - aJIrOPUTM IOCTPOEHUST
Mozenn Kjaccuduramuu. st qaHHOTO MccaeqoBaHus Mbl BIOpAJIM JIBa aJrOpUTMA: KJIacCudu-
Kamust metonom “K-6amxkaitmmx cocemeit” n “HamBHBIN OaitecoBckmit Kiaccudukarop”’. amenenne
MEPBBIX JIBYX ATPUOYTOB MPUBOJIAT K M3MEHEHUIO CBONCTB MHJIEKCA M, KaK Pe3yJIbTar, K (hopMupo-
BaHWIO PA3JIMYHBIX TUIIOB WHJIEKCOB. B paboTe paccMOTpeHa MPAKTHIECKAsT PEATH3AIINsT CO3/IAHUST
1 00y4UeHUsI KJIaCcCU(PUKATOPOB B 3aBUCUMOCTH OT TUIIa MHJIEKCOB. [IpoBejieH aHa N3 BIUSIHUS TUIIA
WHJIEKCOB HA TOYHOCTH KJIACCU(PUKATOPOB.

Kirouessbie ciioBa: bunapuas knaccudukanusi, aaropurmbl o0yuenus, Apache Lucene.

1 Introduction

In this paper we address the task of evaluating binary classification of social media messages
and analyzing the relationship between classification quality and classifier parameters.

We consider two classes of messages: NEWS and NOTIFICATION. We consider that
the NOTIFICATION class is applied to messages with information about emergencies and
hazards. Those messages are so important that people should be notified about them.

In order to collect messages and build datasets (for training and testing) we designed
a web crawler with a simple choice mechanism based on a decision tree over the notion
of "strong keywords". The decision tree classifies each message using three classes: NEWS,
NOTIFICATION and NOT SURE. The NOT SURE class is applied to messages that are
neither classified as NEWS nor as NOTIFACTION. This approach guarantees high Precision
and low Recall but it is essential to collect the training dataset. The classifiers investigated
in this paper are trained with a dataset built from the NEWS and NOTIFICATION classes.
The NOT SURE class is used as the testing dataset.

We are using Apache Lucene with the classification package as the main framework. The
Lucene classifiers works with vector models and the TF-IDF metric. The evaluation resorts
to the k-fold cross validation method. The Lucene classification based on indexes, in order
to configure classifier Lucene allows changing index parameters. All indexes has Analyzer, it
is consists of Tokenizer and set of Filters. Tokenizer extract tokens from text stream, Filters
processes tokens, normalize and do stemming. Classifiers also depends on Analyzer that is
why it is very import to have similar Analyzer for both classifier and index.

Analyzers combined using different Filters and Tokenizers. We are using Analyzers
configured using minShingleSize, maxShingleSize, SnowballFilter and LengthFilter in
ShingleAnalyzerWrapper. Parameters minShingleSize and maxShingleSize adjust the
minimum and maximum value of N, where N is size of Ngrams. In our research, we are
using up to fivegram indexes and one index with all Ngrams from one to five. Additionally

ISSN 1563-0285 KazNU Bulletin. Mathematics, Mechanics, Computer Science Series Ne3(91) 2016



News Classification using Apache Lucene 61

Analyzers combined by turning on and off SnowballFilter and LengthFilter. As a result, we
are using 24 Analyzers.

Furthermore, each classifier has parameters that affects classification quality. KNN can be
configured by varying K. Our experiments shows that KNN classifiers quality dramatically
low for K>200, that is why we decide to bound K from 1 to 200 [1]. The last parameter is
message fields. There is two fields available for indexing: title and body. Based on fields we
can combine three different indexes: title, body and both.

Totally, we have combination of 24 Analyzers, 201 classifiers and 3 fields and it is 14472
different classifiers totally. In the next chapter, we showing quality of learning and analyzing
relations between Ngrams, indexes and quality of classification. This paper describes how we
evaluate 14472 classifiers and provide detailed analysis of correlation between index type and
learning accuracy.

2 Method

According to researches [2, 3] we choose Kappa and MCC coefficient measures to evaluate
binary classification learning. Both, Kappa and MCC, take into account true and false
positives and negatives and well balance. A coefficient of 41 represents a perfect prediction, 0
no better than random prediction and —1 indicates total disagreement between prediction and
observation. Both coefficients perfectly fit our needs because we consider NOTIFICATION
true-positives more relevant than false-negatives; i.e., we care more about correctly classifying

messages as NOTIFICATION than badly as NEWS.
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Figure 1 — Correlation between error rate and dataset size for KNN and Naive Bayes classifiers

Researches [4, 5] shows that the "Learning Curve"(LC) methodology is a good diagnosing
tool, telling you how fast your model learns and whether your whole analysis is, or not, biased
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by the dataset cardinality (e.g., overfitting a too small dataset). We use the LC to determine
the smallest size of training that shows reasonable results. The learning curves are depicted
in the Figure 1. The error rate is validated using k-fold cross validation method.

The graph shows that the accuracy of learning algorithms is aligned on the data set size
on the interval 1500-2000. We choose 2270 news messages as a training set, all messages was
classified using a decision tree described above. Finally, classified messages were manually
checked and corrected by the experts. It is important to mention that the dataset consists
of 84% NEWS messages and 16% NOTIFICATION messages. The k-fold cross validation
follows that same stratification.
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Figure 2 — Naive Bayes classifier using only body field, Snowball stemmer and short tokens filtering

3 Results

We measure each classifier using k-fold cross validation method. Our experiments show that
87% of the learned models exhibit a Kappa and a MCC less than 0.5, which, according to
Landis and Koch [2] can be considered as "poor"models.

The best results shows classifiers that is using unigrams tokenizer, only body field,
Snowball stemmer and with short tokens filtering. Best results had shown on the Figure
2, 3 and 4.

Top five classifiers use unigram indexes, only body field, Snowball stemmer and short
token filtering. Naive Bayes classifier best results: MCC=0.8, Kappa=0.79, Figure 5 shows
its confusion matrix. There are 93 NEWS messages classified as NOTIFICATION (False
Negatives - FN) and 45 NOTIFICATION messages classified as NEWS (False Positives -
FP). F-measure often shows values close to 1, this is because F-measure calculation ignores
FN errors. That is why we do not use it as evaluation measure, because our goal main
is to minimize both FP and FN. Figure 3 shows that KNN algorithm, with K=17, best
result is MCC=0.68, Kappa=0.67. Furthermore, increasing number of neighborhoods leads
to decreasing accuracy of classifier.

Our experiments shows that classifiers based on indexes with Ngrams with N>1 shows
low accuracy: MCC<0.5, Kappa<0.5.
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Figure 3 — Results for KNN classifier with varying K, unigram indexes, only body field, Snowball

stemmer and short token filtering

4 Discussion

Our research shows that classification quality depends on Apache Lucene index type and n-
gram size. The best classifier is based on unigrams as shown by the Kappa coefficient of 0.79
and the MCC coefficient of 0.8. It is expectable that a single classifier cannot achieve higher
accuracy. As a future work, we are planning to implement a Voting classifier that combines
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Figure 4 — The best five classifiers. All classifiers use Snowball stemmer, unigram indexes, only body field

and short token filtering

Class names was shortened:
C0 NEWS
C1 NOTIFICATION

Confusion matrix:

Co C1
C0 350 45
C1 93 1782

Observed Accuracy: 0.9392070484581497

Expected Accuracy: 0.69586784140969163
Error rate: 0.06079295154185022
Kappa statistics: 0.7982456140350875
Precision: 0.8860759493670886
Recall: 0.7900677200902935
F measure: 0.8353221957040573
MCC 0.8001686011904481
Total Docs # 2270

Figure 5 — The best classifiers confusion matrix. Naive Bayes based on unigram indexes

an odd number of classifiers in order to obtain a joint decision-making algorithm. To combine
classifiers and evaluate all possible combinations we are planning to use distributed computing
technologies, such as Message Passing Interface or Apache Spark. We also intend to explore
the Ada Boost meta-algorithm in conjunction with other learning algorithms. The goal of
this approach is too combine several weak classifiers into a weighted sum that represents one
boosted classifier.

This work was partially supported by the grant of the Committee of Science of the
Ministry of Education and Science of the Republic of Kazakhstan (project 3350/GF4 MON
RK).
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