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ABSTRUCT

Natural Language Processing is the technology used to aid computer to understand human’s
language. It is usually shortened as NLP, is a part of artificial intelligence that deals with the
interaction between computers and humans using natural language. Topic Modeling is an
unsupervised technique of Natural Language Processing, that find out topic of a document. It
first cluster the words of the documents into specific number of topics and then studying those
clusters it finds the distribution of topics for the document. A very popular topic modeling
technique is Latent Dirichlet Allocation (LDA). A news recommendation system is a system
which read a news article and gives us the articles from the corpus which have almost similar
topic distribution as the given article. After removing stopwords, punctuations, foreign words
from all documents of the corpus we have used Latent Dirichlet Allocation to apply topic
modeling on the corpus of documents. By doing so, we have discovered topic distributions of
all the documents of the corpus. Then the next is to discover topic distribution of the article,
inputted by the user and then comparing that topic distribution with the previously discovered
topic distributions of the documents of the corpus, will provide us the documents, having
almost similar topic distribution as the inputted article. And thus, we have been given the
recommended news article for the inputted article. Since this is a Bengali news
recommendation system, the used corpus is composed of Bengali news documents and it will
work for only Bengali articles.

Keywords: - Natural Language Processing (NLP), Topic Modeling, Latent Dirichlet
Allocation (LDA), News Recommendation System, Topic Distribution.
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1. INTRODUCTION

News is a very reliable source of knowledge about the world. Let say, someone just read a
news article and want to read articles of that category, in this case a news recommendation
system is very useful. The user just needs to input that news article and the news
recommendation system will provide the user all the news article similar to that article
according to the similarity of topic distribution. The more similar the topic distribution, the
more similar the recommended news article will be.

News Recommendation System is designed to retrieve news article from a corpus of news
articles, which are relevant to the article, given by the user. This is a Bengali news
recommendation system, so it will be only useful when user want to search recommendation
articles for a Bengali news article.

In this recommendation system we have used Natural Language Processing. Natural Language
Processing is the technology used to aid computer to understand human’s language. It is
usually shortened as NLP, is a part of artificial intelligence that deals with the interaction
between computers and humans using natural language.

We have used an unsupervised technique of Natural Language Processing, called Topic
Modeling to find the topic distribution of the documents or news articles. The topic modeling
model that we have used is Latent Dirichlet Allocation (LDA).

After we have completed the LDA model training, that is topic modeling for the corpus of
document is completed, we have marked all documents with its corresponding topic
distribution and then we shall proceed to the application part where the user will use the
recommendation system.

In application part, after user provide the article for recommendation, we have discovered the
topic distribution for that article and then we have discovered similarity score of topic
distribution of the given article and topic distribution of the documents of the corpus. Then the
recommendation system will sort the corpus documents according to the similarity score that
we have previously discovered in descending order and provide the top 10 from that list of
recommended articles to the user.

s
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2. LITARATURE SURVEY

In general, there are lot of challenges involved in building an efficient news recommender
system. Factors like unstructured content, user preference, over-specialisation, changing
interests of users, privacy problemsthen on arethe foremost challenges that any news
recommender system must overcome in-order to supply best user experience. Any
news recommender system must have basic capabilities to recommend related news articles
during search by the user. Additionally, to be able to pull the related news articles, the system
must even be able to group the articles managing the identical news among the articles.

The challenges of document clustering and classification have always been a piece of active
research within the topic of text mining and analysis. The foremost text analysis strategies
utilized in these works are natural language processing (NLP) techniques like latent semantic
indexing (LSI) and TF-IDF. LSI works by indexing a document-based certain keys to represent
a document better within the very corpus. LSI maps the high dimensional document to a lower
dimension choosing the correct features for representing the document. This type of models
treats a document as a bag of words and do not take into account the relationship between the
words. A technique to inculcate the knowledge of ‘concept’ while using bag-of-words
approach is a way to use of semantics relationships between words. Kalogeratos and Likas
(2012) presented a brand-new enhanced procedure to represent documents in vector space to
capture the context and meaning of every term within the document,

Several researchers proposed methods supported finding frequent item sets within the very
document corpus for clustering similar documents. The frequent item-sets method creates
initial clusters, supported the frequent terms present in majority of documents. After forming
initial clusters, the clusters are made to be disjoint by placing documents in the most suitable
cluster. Ferragina and Gulli (2008) proposed a personalisation-oriented search technique that
goes through several other sources for information and presents similar documents to users
using two different ranking techniques. Li et al. (2008) proposed two different text clustering
algorithms to cluster documents within the very corpus supported frequently occurring word
sequences. Chen et al. (2010) proposed a fuzzy association rule mining algorithm to make the
clustering accuracy of hierarchical document clustering algorithm better. Kiran et al. (2010)
proposed a hierarchical clustering algorithm supported closed frequent item-sets for document
clustering and also used Wikipedia as an external knowledge source to make the document
representation better.




Other document clustering methods target representing documents making use of a suffix
tree supported common phrases in them (Zamir and Etzioni, 1998; Chim and Deng, 2007).
Suffix tree could be a variation of frequent item sets method where the frequent item sets are
restricted to continuous words/phrases. The tree is built with highest common phrase in corpus
and extended by adding frequent sub-phrases following the basis phrase. Wang et al. (2008)
proposed an algorithm to cluster search results using a novel suffix tree data structure, that
works incrementally and achieved linear time complexity. Kopidaki et al. (2009) proposed an
algorithm named STC+ which was an improvement of traditional suffix tree clustering
algorithm, also cluster search results are getting used for better user experience. Their
approach was to achieve more weightage to phrases occurring in titles and abstracts of
documents to get better accuracy. Janruang and Guha (2011) made use of semantic similarity
in suffix tree clustering to cluster web search results by making use of a new system called
semantic suffix net (SSN) to store the suffixes of words.

The inherent problem with suffix tree and frequent item-sets methods is that, in these methods
the clusters are to be formed supported the whole corpus. This is because the clusters are
predefined supported the base frequent sets and at root of the tree. However, the user query
may involve only on these clusters may involve only a component of the clusters. This
limitation is overcome by using semantics-based approaches that is, only those documents that
meet the similarity threshold are allowed to form clusters.

Unlike the previous attempts, in this project we have used topic modelling, an unsupervised
learning technique of NLP to achieve the goal of getting as perfect cluster of documents or
recommended document as possible.




3. METHODILOGY

3.1. TOPIC MODELING:

Topic Modeling is a simple way to capture the sense of what a document or a corpus of
documents is about. Document is an any coherent collection of words, which can be as short
as a tweet or as large as an encyclopedia. In simple, topic modeling is a text-mining
methodology to find out topic of a document by analyzing the words of the document. Topic
Modeling is used as a first step to analyze a textual data to find out the content of the text data.

Topic Modeling is unsupervised learning technique of Natural Language Processing. Unlike
supervised learning technigues, we do not need to provide labels for topic modeling, which
reduces the effort of manually providing the labels. Topic Modeling also gives us the
opportunity to find out interesting topics of the documents. But on the other hand, it is also
difficult to figure out whether the output of a topic modeling algorithm is accurate or not.

All topic modeling algorithm follow two basic concepts —

= A document is mixture of topics
= A topic is mixture of words
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Word Distribution of Topic-1

All topic modeling algorithms assumes that the documents having similar topic, will consists
of similar group of words. So, by analyzing words of the documents of a corpus, it is possible
to cluster documents having similar topic.

All topic modeling algorithms first analyze word distribution over the entire corpus, then
cluster the similar group of words together and then analyze that which document has what
proportion of which cluster of words and give us the distribution of topics for the documents.

3.2. LATENT DIRICHLET ALLOCATION (LDA):

3.2.1. INTRODUCTION TO LDA:

Latent Dirichlet Allocation is a popular topic modeling technique. It is also known as LDA. It
is a probabilistic model. The term ‘Latent’ means something that is yet to discover or
something that is hidden. And the term ‘Dirichlet’ indicates that Latent Dirichlet Allocation
process uses the Dirichlet distribution as the probability distribution. The Dirichlet distribution
process is a distribution over distributions, which means each draw in Dirichlet distribution is
itself a distribution. The Dirichlet distribution is a probability distribution where the range of
the distribution is itself a set of distributions.

Latent Dirichlet Allocation or LDA classifies or categorizes the text into document and the
words per topic. These are modeled based on Dirichlet distribution and process. LDA makes
two key assumptions —

o A Document is a probability distribution of Topics
o A Topic is probability distribution of Words




And studying the probability distribution of words we can discover what a topic is about and
studying the probability distribution of topics we can discover what that document is all about,
that is we will be able to categorize the document.

3.2.2. WORKING PRINCIPLE OF LDA:

O LDA assumes that documents are produced in the following fashion —
o Decide the number of words N, the document will have.
o Choose the topic mixture for the document over a fixed set of ‘K’ topics.

O LDA assumes that each word in the documents is generated in the following fashion —
o First picking a topic according to the probability distribution of topics.
o Use the picked topic to generate the word itself.

O Assuming the above-mentioned generative models for a collection of documents, LDA
then tries to backtrack the above-mentioned processes to find a set of topics that are likely

to have generated the collection of documents.

Now, we have to keep in mind that although in reality we don’t actually generate a
document in this manner, but LDA assumes that we have generated the documents in this
manner. It is an important concept for LDA to work because LDA will backtrack these
mentioned assumptions to identify topic distribution for the documents.




3.2.3. WORKFLOW OF LDA:

We have a set of documents and a fixed number of ‘K’ topics to be discovered. Now each
word of each document will be randomly assigned to the ‘K’ topics.

l

Now we will iterate over every word in every document to improve these topics. For every
word in the document and for each topic ‘t’ calculate —

o P(topic t | document d) = the proportion of words in document ‘d’ that are currently
assigned to topic ‘t’.
o P(word w | topic t) = the proportion of assignment to topic ‘t’ over all documents that

come from word ‘w’.

Reassign the word ‘w’ to a new topic, where it chooses topic ‘t” with probability —
P(topic t | document d) * P(word w | topic t)

This is essentially the probability that topic ‘t” has generated word ‘w’.

l

After repeating the previous step number of times, we will get a roughly steady state, where
the assignments are acceptable.




3.3. BAG OF WORDS:

Bag of Words is a popular machine learning technique to convert the textual data into
numerical data. Bag of Words creates a document term matrix corresponding to the text
document corpus, where each column of the document term matrix represents a unique word
of the corpus and each row represents each document of the corpus. The values of the matrix
represent how many times that word occurs in the corresponding document and the sum of a
column represents how many times that word occurs in the entire corpus. This document term
matrix is the numerical conversation of the text corpus, which will be used in machine learning
model training, since machine learning model can only work with numerical data.

Let us take an example —

docl — Dhoni is one of the best captains
doc2 — Kohli is one of the best batsmen
doc3 — Bumrah is one of the best bowlers
The corpus is made of docl, doc2, doc3.

STEP-1:

Create the vocabulary of unique words from the corpus. The vocabulary is — Dhoni, is, one,
of, the, best, captains, Kohli, batsmen, Bumrah, bowlers.

The total number of unique words = 8.

STEP-2:

Create a document term matrix with 3 rows and 8 columns. The three rows represent three

documents and eight columns represent eight unigue words. So, the document term matrix will
be —

one of the best captains Kohli batsmen Bumrah bowlers




This document term matrix represents the numerical form of the given corpus of three
document. This is a 3x8 matrix, that represents the given corpus of three documents.

3.4. COSINE SIMILARITY:

The ‘Cosine Similarity’ is a measurement that tells
us how much similar two vectors are. It is the cosine
value of the angle between the two vectors. The
formula is —
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The value obtained by the formula is called

‘Similarity Score’ and it always lies between ‘0’ and “1°.

3.5. COHERENCE SCORE:

Coherence Score = ;< jy score(w;, w;)

Where,

p(wiwj)

score(w;, Wj) = log p(w)p(wj)

D(w; _ D(wywj)
pw) = 222 and p(w;,wy) = L

D (w;) = Number of documents containing w;

D = Total number of documents

W; = i-th word

The angle between vector
A and B is 59 deg.

Cos(59) =0.559...

The angles could be said to
be 55% similar

of topics while training a topic modeling algorithm

‘Coherence Score’ is measure to test how good or bad a topic model is for a certain number




4. IMPLEMENTATION

4.1. PREPROCESSING:

Preprocessing is an important step while implementing a machine learning algorithm
or training a machine learning model. Preprocessing is basically a step where we clean
and filter the data of the dataset to minimize the data that we shall use to train machine
learning model.

To train a machine learning model properly such that it will predict more accurately,
we have to minimize the data as much as possible by filtering and cleaning the data
that is by applying preprocess on the data.

In this project firstly, we have removed all rows that have null value or all rows that
are empty since we can not use empty or null data while training the LDA model.

After removing all rows that are empty, we have tokenized the data and removed
stopwords, punctuations and numbers from the tokenized data. And then finally, all
foreign words that is all words which are not in Bengali letters, have been removed
from the data.

Vocabulary size before preprocessing = 612484

Vocabulary size after preprocessing = 551696

4.2. MODEL TRINING:

Model training is the most important step while implementing a machine learning
algorithm. In model training step we train a machine learning model with the available
data so that it can predict well when we will give a new data to the model.




In this project we have used Latent Dirichlet Allocation or LDA which is a topic
modeling algorithm or Natural Language Processing or NLP to classify the topics of
the available corpus of documents.

While training a LDA model we have to give two inputs which are document corpus
and the number of topics. Now we already have the preprocessed document corpus. So,
all we need now is the number of topics. To decide the number of topics we have first
set the minimum and maximum number of topics we shall allow. After that we have
found the coherence score for all the LDA models which have the number of topics
that lies between the decided minimum and maximum value. Now the LDA model
having highest coherence score, will be chosen as the LDA model that will be used.
Now that we have trained the LDA model, we have topic distribution of all the
documents of the corpus.

Now our model training is complete. Now we can use this model to predict topic
distribution of a new document.

4.3. APPLICATION BUIDING:

After successfully training the LDA model and discovering all topic distributions of
the corpus documents, we can now proceed to build the application that will be
available to the user and inputting a document or article, the application will provide
the recommendations for that article or document.

In this application first the user will input an article or a document that the user want
recommendation for. Then that document will be tokenized and then will be fed to the
trained LDA model and the LDA model will provide the topic distribution of that
document.

Now all the topics that have less than 5% contribution in document creation that is, the
topics that have distribution less than 0.05, will be discarded.

Now cosine similarity of all previously discovered topic distributions of the document
corpus and the topic distribution of the user given document will be calculated one by
one and will be stored in a list. After that the list will be sorted in descending order
and the first 10 documents will be recommended to the user. Finally, we have used
‘Django’ framework to apply this application in web.

s
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5. EXPERIMENT RESULT
DISCUSSION

5.1 CORPUS: -

The corpus of documents that we have used in this project has 108368 documents or
Bengali news articles. This dataset or corpus is extremely useful for training LDA topic
modeling technique since it contains news articles of various categories.

Some of the rows of this dataset are as follows —

<header><title>(FIW@@ (d] Fd1 @ TICH</title><date><bd>39 &MY S809</bd><day> JHIF
</day><ed>So (I 3o0o0o</ed></date><reporter> WIMNFI</reporter><agency></agency> <location>
@TRIES AT </location></header><body><p> T@EI IEHF TNEA [Afaw@ aFs9 SEeF JIMGE
ARSI AR 6 RFRE ¥99 @TF FN TFF F@ @SF JH (FAFF ITEEF 3N 37
SANACE | IE 9% FFN 2o AER (FfN@ oug FRMHT I TSR [T F® (@ | T
fAerEafe & FEma, 9 eE A FEbE e Wel ofe @I 1R NE AE@ ¥ N7 FRR
2371 Tfbe TONEE| (o2 T@ ST Mm@ ' </p><p>SRe NHEF wW¥ a3 foEa fiffw &g
AR ©fF B Weid FFm 9% My ofery zoR Taw faw MfEe seenE afes@ amm fofa
T </p><p>aNS [FEEAMS . FE®RA, A T IAEN (FAF@2 SF© 51R1 o/ T8 IAa@d| <
@ 3% @ @ FHFIET IS BF @ T T6E @FE8 Ao fite MEI F1 ©fF N2
TIFSIN RCMGS N SIS IEES, CIAN@E ST 8F WY W8T TI®| ANAT BTG
FA© BR A1 BN B8F FAE AN AT IQE FEfe 7991 afnw @S afFEs wIe FE
@AeF R IEEA, “@E¥EE F ¥ 3@ ©f @ 13@2 Fg Fq@ R a1 e FHrE JF
f%ﬁaﬂawwwﬁqm%ﬂéﬂwww AT T R ST FA©
13EY W@aﬁaﬂmﬁvﬁﬁmﬂrﬁﬁ%W@TWT@T%@?W%MWG
JEES, CAOIP@2 I @ g a1 @ISl FARE 92 I Q@ FEE@T 07 F7FF, 812 A7
ffRE SRfd @F ol {FeRafe & I I@ FET FE8 [E

<header><title>feres  fod 2MWWNET M@<fiitle><date><bd>3q &M S8od</bd><day> J¥IH
</day><ed>>o (J ooo</ed></date><reporter>NJWNZ </reporter><agency></agency> <location>
Fa</location></header><body><p>@t: fFed@ AFS (FAET F@ I fofoda fRE6wI SF%
SOTCGIE SIS Qe WF fos| fAeemE a8 Wewg 33 fofd TafE A4, (R Ye@d TIF
ARAPNRE (FE FE STOCBT 20| VY ©-2 o, ReGTT g, v9vo-o RIFNE HRIE SrEed
F@ ST BEF ATSe TR 7XG (R TN (F@6-JI1E2 951 RN (MRS @@ | </p><p>'bo-
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7 gFeE o (OE 9@ i e, *C1R a2 2J©@] ©Fe IO (WEF (ToE o O (@ {937
Fers @@ TR FERT (JF, SF AT HTRANT STE WE (G @RS IE 9398 (T ©F
T TG A%, (N-FF IR0 I8t 7@ @ CT FAF @ @@ ARG T 92 4J@F P JER |
e (-fMd 8ma 82 N9 @R @RI IVE @FE8 Sod (W3IF T@E @ A A [ow &
S| PR, 9B N R T FER, OF AT Fuold F{6T o1 B0 NOTPNET ©F (T (-
T AR AT 9% N M@ FER FAT A ST R IR NIHTNE TS FT1‘98-9¢
T S0 ATET MNFIW THE@E T B (ol 0@ SO (e ME JE18 AR [Her6tid| “NiFIes
2% AGd AFIIF ‘98-‘9¢ N AM@H FF@ 96 (GCL oY ey ©f (WG M@l sfa@fee @,
-2 BY QRE®R,” €& fofd| </p></body>

<header><title>fFef$e 72 (F6 9 I </title><date><bd>33 (T S803</bd><day> JHIF </day><ed>so
(A Rooo</ed></date><reporter>Fd o« (T (IFIF</reporter><agency> </agency><location>
</location></header><body><p>%2 (F6 Fftd IS fRET 177 FEF FNEAE SRS (FHER TS
SO ST FREE @ R SR s JISOT ST 7o 8 FAHod QIIAIe S srgfy a3
PO 9F IR GG Aee (IFE| T6NEF IO A3 BIFET AP MO (RAGATGT (FI0: FIE
IO FAE TIE AFES TG FIET (FAS TF (R ST FIR| 98 FoI9 TTS MG 6T v 73
eI IFel, [TofFe FNFTOT CTAT (FH8 T[T (T 7 q7| </p><p>FF 92 T3 TT FIE AN
Ted Sod, "% TP FME SIF6 FOACE TR AN ©R Ty FAFIold IRE (Pt Faw0 P =
I @l sgfie @FaEE IME© @@ Y6 ST (577, ©fF A 9F o AFFga [ @
F3FN IE N SfdT0d SIFF oy FFo NF R TF (T F(EF ANGF S@ q7| "I TR FAE
@M 9% e 3@ 5@ @@ THer| o FaR 1 ST S, TIs AT §F -0 @
S FAMER 93 GO AME T FAE I Wo NI PERE,

<header><title>3NIH TN I (©6 MFINA</title><date><bd>S ANTS8oI</bd><day> CTHIF
</day><ed>) Wf?hoos</ed></date><reporter> MIWHE </reporter><agency> </agency><location>
BNEEm</location></header><body><p>#feFhe N@R T STeF (HAMEE 9F 9F Fa a6
TMFIET HfS TTFE @O A Soofe @ F My sufoe I 2@ (57 97 8 (5Tl FIORETa
b1 @ e @ensfte fFel @ A6 3@ it SER@ | T Fhraa 93 T FERE
eI SIfa@e, 20 O 9o AMEE & dferfael FA®T ey TEE Yot Id AR AT, vuio
SE NERS IRGE (ST SRAT T 9o TF| </p><p>C] SHAF T Jde 42 (SIGF AFAEL
TSNS NF AT FTHal TFINET TS(A0P 20T IR IAN JRe] 3 WHuGE Iy WFHT FAT
W® F7 WAF AN TIET ST, BT 999 9F IO TG (SFTE AEBT (FAE  STA@NEFE (ST
FARA NHR| TSI A (T, (TN TR RO A6 kT A (NOBRZ I WG S
8 P AHIIE, (FAE 97 AT N (T T FER I [ANOTS IO YT FIFM (1o,
CRTE 93 RAFT (T Ao 89 Wil FE © IR IR ©F, AT 9F FIRA NE (NG e
TEAE (FA3 TEEAT (T (@R, O AR </p><p>TEET NqFS & A (b @@ oo a1 (oafe
ToRE| IR, TSP TS =GR ey (TMNFRER 2877 98 B SONET I FFF FERA O
I @ (TAENE RS RS SA@ER, (T AwEs @ (SlbIR3E @ 7@ @ T8I
udife 78 FAT M08 TS FPNF ©F3 (R AR AEMCR FISHE TI9F| 97 N&R AP ARTTST
fdea 5= (70T TR @RS FAE Afowie MEma fofdl siF wme wifs, sl o0k WIETE AER
TMFIE Tga Trellgd TIFF NG| T9570, PTRGA 93 @FG s TFI@T P @O @s;
9% FEAT SEIAN </p><p>'95-7 JGA (TN HCMG TFTT AR IRACCE Jfoq&m  ANSIers
THENS ATHHNE (O O “OFPIT I I o] FI9 WG (TN FHEAET {1 20
T2F MF TFIe Yoo M 92 HUNMG TN A®, SOFMA (B MNF (SANET IJMRIT AF 3 26
IS IMDE 4 (F F-R T3 T2 I CAETE PO Neate 38 AT AIN@AH T
AEfEF Arete A FA1 Sfbw| IRTAGCT AFI (TAF ST SISO T9ET [HeNGa 365, IRAWeT
G A6 faxdael 8 S ROIEE §ET el Heroa SsqM o 95 fFeea qrerfT s
R ASBIET FRAT T FE 13G8 AfF FOE P (RN (TN INIWIET 5%y MfFafa 3
fRRIfE Seste, Sfa@® | </p></body>




<header><title>foatid @ ©w& X (QG<fitle><date><bd>SIE  S8od</bd><day> FHIH
</day><ed>w) W@doo5</ed></date><reporter>¥REﬂ‘«T¥R°¥T</reporter><agency></agency> <location>
IBETA</location></header><body><p>SAie T8I 3 o (SLTFET & SHEF NERAT SO fuef
TR @6 @6 (FTTT A f PRA S I, IISRF J-2 AT 57, 3T, (0T
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5.2. ALGORITHM:

step-1  Importing all the required libraries

step-2  Importing the dataset

step-3  Removing empty rows or the rows contain null values

step-4  Tokenizing the documents of the dataset

step-5 Removing foreign words ( all words that are not a ‘Bengali’ words ),

stopwords, punctuations, numbers etc from the tokenized data ( applying
preprocessing on the dataset )
step-6  Creating document term matrix of the preprocessed data using ‘Bag of
Words’ model
step-7  Selecting minimum number of topics and maximum number of topics
acceptable
step-8  Iterating from minimum to maximum chosen number and creating a LDA
model for that number of topics and finding the coherence score for each
LDA model
step-9  Select the LDA model with maximum coherence score as the trained LDA
model and listing topic distributions of the documents of the dataset
step-10  Asking user to input a document or news article
step-11  Tokenizing the user given document

e
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Feeding that into the trained LDA model and discovering the topic
distribution of the user given document

Discarding topics that have less than 5% contribution

Iterating through the list of topic distributions that we have discovered in
step-9 and listing ‘Cosine Similarity’ of the topic distribution of the user
given document and the topic distributions of the list

Sorting the list of cosine similarities based on similarity score in descending
order and returning that list to the user as the recommendations in
descending order.

5.3. RESULT:
USER INPUT:

"IE6 T TwNE fEETel 6@ (Assembly Election) RMPI-F (BJP) & GG
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Similarity Score : 0.99997145
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5.4. EVALUATION:

To evaluate whether the model is recommending the articles in accurate order, we used human
evaluation to give each recommendation a rating between ‘1’ to ‘10’ according to similarity
of the recommended article with user given article and then used ‘Discounted Cumulative Gain
(DCG)’ method to compare to the ideal rating and give an evaluation score.




test-1

User Given Article —

TE6 T TwwaE Faevel 5@ (Assembly Election) fI@H-F (BJP)

@ TN @@ PrEed, St TET WE e a@@ MW (Narendra Modi) |
A@-7 RT6T 9@ @@ o I, ‘FF8 T I NFS 7@ By O,
ORE A7 WY IMF° 9% @@ AFIEET (Dynasty politics) EEICRIBEE!
o Ul fofd W@ 3O 6T MSIF AP 99 & FE FEH (Congress)
8 WNEEmt M@ (Samajwadi Party) WENT FE@ IEW, ‘AFIF0T STo@S
TG s Imd 97 (@ ToR Fd© E| INGE 9@ AH9Eey 9
I @ AN AN FAR [AHETS] G TN TR (A -OIET A @
EAA | AH@E G AN AfFT0d AN @ (W8I IJME «1, (OF42 (T GoSfe
ITReEs fofee @, o1 wafE [Fm aImms FoR @ @@ @ A6H
AT fA@EsTer @ TaF AFaReEd e T3 MEEd’ 2 @E v 2ers
Safye fREw Ig@al @ffte M@ (Amit Shah), Sfodsmal TN ey
(Rajnath Singh), ¥W&& of§qzd FF difed STHFAT (Nitin Gadkari),
Fiferssrat ﬁhﬁ’ S (Piyush Goyal), 5w fR¥¥F NF IZW (& (Pralhad
Joshi) TR IM (FGF FF 8 TRTGAI 92 @OFE BF©2 6] AOTIFEI
(Lata Mangeshkar) S, 38@® (Ukraine) PS) RIECIR TGIT AR FAGE
(Karnataka) ¥ 8IT &I W19 (Bajrang Dal) N T e 7w ofa
ﬁ:m fMFgIeT AT FAT T BEFAGT  (Uttar Pradesh) 8 ToIRS
(Uttarakhand) B¥el ¥E&@ @@® [{&E ST (Goa), Nﬁ‘j’ﬁ'\‘% (Manipur)
9FF WA 7 @R R[R@E G0 FiREs 57 @ @@ 8y T8E|
S3IACCIE &y [AEP-F (T4l "NESS @ F91 @R Ao TF| THIR
2@ Soared WY sy @RI NAYEE (Fail THEES F9 W@ (PR
AT e NMemaa@ oF o QY HEHS RoE Wiy eI @R FEd

Ao | (TAF (F6 NAESS F41 @R FANG 7w iR (OrEE|

Human Evaluation Ratings of the Recommendations: -

Recoml | Recom2 | Recom3 | Recom4 | Recom5 | Recom6 | Recom?7
8 9 8 6 8 6 7
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log;2 logy3 logz4 log,5 log,6 log,7 log,8 log,9 log,10 log, 11

= 942.404
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25-1
log, 11

26-1
log, 10
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log, 9

20-1
log, 8
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log, 7

27-1
log, 6

281
log, 5
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log, 4

28-1
log, 3

29-1
log, 2

DCG(IE) =

=1049.572
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= x 100 =89
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Rating =

~ Ranking accuracy = 89 %
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log,2 log,3 log,4 log,5 log,6 log,7 log,8 log,9 log, 11
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Rating = X 100 =99

=~ Ranking accuracy =99 %
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FRME (RSFRABT) | A A0 ERFT W©fF F91 @R (@A S 9@ Fgendia o fawme
TIF ©FI® | ©N® I A@, Ao IEF PGS STEINE T FBEMICE IA@T TS & 36/
OF® AT XF®, Y00 NETF TN FFRifed FIEA Iy FE2 93 TG I Q@RI Tod I
TGIAE 4 T (A@ 9F T=F TOOTAE NF Aot (78371 @ 7Iwg 77 feEm fGwnn e| & v
(A So WX FLMATT FA® @ A So (HGG TG (M3F @I GRE @R ded F&E3 ST
3o Brere AEE QIET RSl a3 bg¥ MErtiEs 79 (N6 7 b (W@ So IR STEINE FBMTICE
@ REE gI Y MeIF @y 3@ IE RN I o Iflas W7 PEEfevEE  fawtem

SN |

Human Evaluation Ratings of the Recommendations: -

Recom1

Recom?2

Recom3

Recom4

Recom5

Recom6

Recom7

Recom10

7

5

5

6

5

5

7

5

25-1

25-1
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25-1

25-1

DCG(HE) = 2

27-1

26-1

25-1

25-1

log,2 logy3 logy,4 log,5 logy6

=292.727

log, 7

log, 8

log, 9

log, 10

log, 11




Ideal Evaluation Ratings of the Recommendations: -

Recoml

Recom?2

Recom3

Recom4

Recom5

Recom6

Recom7

Recom8

Recom9

Recom10

7

7

6

6

5

5

5

5

5

5

25-1
log, 11

2°-1
log, 10

25-1
log, 9

2°-1
log, 8

2°-1
log, 7

25-1
log, 6

26-1
log, 5

26-1
log, 4

27-1
log, 3

27-1
log, 2

DCG(IE) =

= 325.953

Evaluation Rating: -

DCG (HE)
DCG(IE)

_292.727
325.953

Rating = 100 x 100 =90

~ Ranking accuracy = 90 %

test-4

User Given Article: -

MITTH FEPE T NFE ASATET 9F IFeG@ (TeF FE®R AFOE JMEFT AAF T T 38
TR ITRATE A AAFE A1, I=F SIACTE FHI TPUEAG e CTHIF MG (@ (SFeF FAT
2| WA ©IF PR AeG] WS (OF 3 =fuEa R @wewed &ET & [Rems Ipor
FerT PN e fesTfF I, “yed [Fm AFfEF I F@E| O IR (@ @ Fy meamt
(TEES T 4 AR OWHEW FE A3 ©FF TAEH (B8] FEI” T 39 TAE o INEPETH
(STECT SN A6 SR CFONE eI ST P11 e @i fed, 8% SR (NOIEd SISTe
M3TTA FOFH G To| SMRIIAEA T, T (ReR CRAE O 8T @S O FRET =
i@ &6 F T (@ 5 MSIM CTHES TaE FEWT YT 8% Toa Sfve SR ST
T (@I (@ B [T 8 AFAT (THN@ (Swe FE T Ol QTR FER THEH
A O JE Y oweIITE |

Human Evaluation Ratings of the Recommendations: -

Recoml | Recom2 | Recom3 | Recom4 | Recom5 | Recom6 | Recom?7
8 9 7 7 7 6 6

26-1
log, 11

25-1
log, 10

27-1
log, 9

26-1
log, 8

26-1
log, 7

27-1
log, 6

27-1
log, 5

27-1
log, 4

29-1
log, 3

28-1
log, 2

DCG(HE) =

= 855.779




Ideal Evaluation Ratings of the Recommendations: -

Recoml

Recom?2

Recom3

Recom4

Recom5

Recom6

Recom7

Recom8

Recom9

Recom10

9

8

7

7

7

7

6

6

6

5

25-1
log, 11

26-1
log, 10

26-1
log, 9

20-1
log, 8

27-1
log, 7

27-1
log, 6

27-1
log, 5

27-1
log, 4

28-1
log, 3

29-1
log, 2

=053.251

DCG(IE) =

Evaluation Rating: -

DCG (HE) 100 = 855779

X 100 =90
DCG(IE) 953.251

Rating =

~ Ranking accuracy = 90 %

test-5

User Given Article: -

FAIT IFEI G AV SIENF (Medical) HOREGH I@ blo IANT JGN® bEE@ Irewasw| R [{@
Moz v B i sifam IrowEs 93 9@ g 59 GfeFT (Medical) FIESSFE SO0
@5F ¢ GFINE| TP, TRNS JFIE (MEFE FEE, (W& NS (NEHT FE JFAq, (@R
CIEFNT FES, TR FSHFNT FES 97 TEIRRIC GISHNT FE@ FIEF (@ He@led e RO
FYT FTE® IrENIF| 92 FEFE (Medical) FEOSMA T T (FUd 9% ANAF N2TOl W3
TR AP, A2 TYN AENT TF NF GOHE FEeSfe 3E™ (feH@ (Emergency Medicine)
Mo@ed (@0 OF FF FNS T AR @R AT ©F% (N (68 FAT X% IS IS
A% (MD) @B B FAE AP 7 799 MRS T @A (@FEEF @I 939 T FF GG
(Medical) FCO@: 9@e 86 3@ A9fS R GG @FH SF FIF o T@ONT A{FOE,

r@a T3 FA© JAT JOV|

Human Evaluation Ratings of the Recommendations: -

Recoml | Recom2 | Recom3 | Recom4 | Recom5 | Recom6 | Recom?7
8 9 6 7 8 7 6

26-1
log, 11

27-1
log, 10

27-1
log, 9

26-1
log, 8

27-1
log, 7

28-1
log, 6

27-1
log, 5

26-1
log, 4

-1 29-1

DCG&E):il

22 log,3

=924.992




Ideal Evaluation Ratings of the Recommendations: -

Recoml

Recom?2

Recom3

Recom4

Recom5

Recom6

Recom7

Recom8

Recom9

Recom10

9

8

8

7

7

7

7

6

6

6

26-1
log, 11

26-1
log, 9

27-1
log, 8

27-1
log, 7

27-1
log, 6

27-1
log, 5

28-1
log, 4

28-1
log, 3

29-1
log, 2

=1047.835
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+

DCG(IE) = Tog 10

Evaluation Rating: -

DCG(HE)
DCG(IE)

_924.992
1047.835

Rating = X 100 = 88

=~ Ranking accuracy = 88 %

The Overall Ranking Accuracy: -

The overall ranking accuracy will be the average of the ranking accuracies of the above five
user given documents or above five tests.

89 +99 +90 +90 +88
5

%

=~ Overall Ranking accuracy =

=91.2%




6. CONCLUSION

In this ‘Bengali News Recommendation System’ project we have used ‘Latent Dirichlet
Allocation’, a very popular ‘Topic Modeling’ technique under ‘Natural Language Processing’.
‘Latent Dirichlet Allocation’ is also known as ‘LDA’. LDA first cluster all the unique words
of the document corpus according to the relevance of those words to the topics that is, discover
the word distributions for the topics and then find the topic distributions for the documents of
the corpus. By finding the topic distribution of a document we can quite easily categorize that
document or figure out the content of the document.

Now our objective in this project is to find the best recommendations for a Bengali document
given by the user. So, to achieve that goal to first we have to find topic distributions of all the
documents of the corpus and then compare those with the topic distribution of the user given
document and rank them according to the similarity of the topic distributions in descending
order and provide them to the user as best recommendations.

In this project report we have thoroughly discussed about ‘Topic Modeling’, ‘Latent Dirichlet
Allocation’. I have also discussed about ‘Cosine Similarity’ which we have used to compare
the topic distribution of user given document and topic distributions of the documents of the
corpus. The similarity score that we have found by these comparisons played a vital role in
ranking of the recommended documents.

To evaluating the ranking of recommended documents for a used given document, we have
used ‘Discounted Cumulative Gain’ and after evaluated for five distinct documents the ranking
accuracy we have gained is 91.2% that can according to the inputted documents. Although in
this case this method is give quite good evaluation of the rankings, there may have been cases
where this method will give poor result for example, let say, there is a document which has
topic distribution that does not match or poorly match with topic distributions of the document
of the corpus, in this case the recommendations will have a poor evaluation in both similarity
and ranking. However, if these exceptions do not occur, then the recommendations will have
a very high evaluation in both similarity and ranking.
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