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3- Natural Language Processing (NLP)
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1- Document Classification

2- Topic Identification
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8- Term

9- Feature Selection

10- High Dimensionality
11- Supervised

12- Unsupervised

a3 s oo JiSE3 (g, d g 5 e slasaly slss
Ozed 5 35S oo aladl Yl cae yus 5 i g b slial 0l 5
O 3 on 5 BB (Lol g (55580595 wlagl uely
Ot Olgie a3 4 assl g5 ol ol suid Lasalu .55
Jala3 5 g5 Jae g oo ol LT 3l Foas (guindions
ot b g ol BaS pe Sl sl ) s gl Siae
canaal 5 555 40 590 bl (guisdions wuls g 95 (ol g s
oS o) GBS g o aal Al ea e s 3L
85 5y o oAl e dlaa 5 Jlans slasals ()T (g oo
pal A Sasaa sloag 5l gl 1) suls (B3I by i
e 5o &) 5an 4S osls IS a5y 50 o S e
sLaolSal) 5 (S ol auls ey 5o s3a 5 S
ala sals (5l £95 58 Aol Hu S Jghiie ol

el Sl (gaiudins WS oo O o

bl (guidiis 51 o e sl LA S
Ll olawlbid ol 55 o JBo gl [Y Vol asas
O3 Jlags (slsiae Jalad da Sty o ¢ (S5l
S Lags e 5 (olas s S (0 5—ad pad e ¢ Lsic]
550 e e il S sidie 3oe 5 ol sead
s ab 1y Gass Sse s Lagsls
(s isdians T 58 S alail (Lal) slagian 5 Jal e
1V] el 553 Oy Y g
T8 ata s Gl gl GB5M Oy toBl iy o
ia o saan (Sllee e ol 4 uindi
ol ) olaslii s olalS ¥ bt Mas 3l s
S plagl 3l S cogm da e Gl 5o
1) (saidicus i a8l g0 SASI o (5518 sa0tay Jlac)
Mo (2 cnaal Bl dla o Gol i oo S sae
OIS0 ey Lo (0L ©liiEal o« (5 5k
8 S aladl gandi s o8 s il oty olbilee

4- Uncategorized
5- Big Data

6- Stopwords

7- Stemming
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13- Train
14- Clustering
15- Semi-Supervised
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17- Vector Space Model

18- Bag of Words

19- Word Embedding

20- Term Frequency

21- Term Frequency-Inverse Document Frequency
22- Latent Semantic Analysis

23- Probabilistic Latent Semantic Analysis

24- Neural Network based Word Vectors
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16- Source
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26- Latent Semantic Indexing (LSI)
27- Singular Value Decomposition
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25- N-gram
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32- Artificial Neural Network

33- Text Corpus

34- Context Information

35- Continuous Bag of Words

36- Skip-gram

37- https://code.google.com/p/word2vec/
38- One-Hot Eencoding
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28- Principal Component Analysis
29- Boosting

30- Aspect Model

31- Maximum Liklihood
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41-Latent Dirichlet Allocation (LDA)

42- Sparse Topical Model (STC)

43- Global Vector For Word Representaion
44- Wrapper Methods

45- Filter Methods

46- Heuristic Learning Algorithms
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39- Brown Clustering
40- Neural Network Language Modeling
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47- Chi Square Statistic
48- Information Gain

49- Mutual Information
50- Document Frequency
51- Term Significance
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54- K-Nearest Neighbors

55- Support Vector Machines
56- Hidden Markov Model
57- Decision Tree

58- Statistic N-Gram

59- Fuzzy Rules

60- Hyperplane

61- Maximum

62- Forward

63- Recurrent
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68- Target Category
69- Harmonic Mean
70- Micro Averaging
71- Macro Averaging

64- Multi-Layer Perceptron
65- Long Short-Term Memory
66- Decision and Conquer
67- Node
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73- Absolute Discounting
74- Back-Off
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