Open for Innovation

KNIME

KNIME Text Processing Overview

Scott Fincher, Data Science Community Manager
Elisabeth Richter, Data Science Publisher



Before we start...

Agenda

Webinar — 45 minutes — 5 PM (Berlin) / 10 AM (UTC -6)
Q&A — 15 minutes — 5:45 PM (Berlin) / 10:45 AM (UTC -6)

Ask your questions in the Q&A
Session is recorded and will be available on YouTube
Slides will be available as well on the KNIME Forum

Example workflows are available on the KNIME Hub
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Agenda

KNIME Text Processing Philosophy and Specifics
Sentiment Analysis Example

Topic Analysis Example

Social Media Analysis Example

Resources / Wrapup

Q&A
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Other Text Processing Use Cases

Examples on the KNIME Hub for...

PDF Parsing / Tabular Extraction
Optical Character Recognition
Free Text Generation

Active Learning for NLP

Deep Learning for NLP



Philosophy

Classification

name
Rumpelstiltskin
[Person] ? ...
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Visualization [
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Additional Data Types:

KNIME uses a composite/aggregate data type to represent textual content
Fields include:

Title
Text
Source & Document
Category “Great food |, interesting service™
“Excellent Lunch Destination™
Author(s) "Hidden treasure near KaDaWe"
Date, ... "Excellent Food Very Reasonable 1™
Generic Meta Data "Good food |, great prices 1™
"Mice food at a reasonable price”™



Additional Data Types:

KNIME uses a composite/aggregate data type to represent terms [keywords]

Fields include:

Sentiment
POS tag

City

Person name
Etc.

token

token

token

love

Sevilla

Pronoun (Part Of Speech)

Positive (Sentiment)

Verb (Part Of Speech)

Noun (Part Of Speech)

City (Named Entity)

T Term

Very[RB(POS]]

good[11{POS]]

Thai[MNP{POS]]

food[MMN({POS]]

I[SYM{POS)]

Been[MMP{POS)]

there[EX(POS]]

on[IN{POS)]

Monday [MMNP({POS)]

and[CC({POS]]

had[VBD({POS]]

a[DT(POS)]

great[11{POS)]

time [MM{POS)]



Sentiment Analysis — A Teaser!
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Sentiment Analysis — Movie Reviews Example

Task: Determine the expressed opinion in a document/text, e.g. positive, negative.
Our first example: IMDB movie reviews

Sentiment Analysis = Opinion Mining = Emotion Al
Lexicon Based Machine Learning Deep Learning
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Part 1: Reading and Parsing Data

Read/Parse textual data

v KNIME Labs
w =% Text Processing

v =10 Reading and Parsing
=Z| O'ml Document Parser
#Z Document Grabber File Reader Strings To Document  Column Filter
=Z| Flat File Document Parser W
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=Z PubMed Document Parser

) RSS Feed Reader Read Convert strings to Filter all columns
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Part 2: Enrichment

Enrich documents with semantic information

v KNIME Labs
w = Text Processing
= 10
s [— Enrichment
mz Abner tagoer
&= Dictionary tagger
B3 UpeniLE ME tagger
Ef; Czcar tagoer
%’; POS5 tagger
&= Stanford tagger
£ StanfordMLP ME Learner
£ StanfordMLP ME Scorer
£ StanfordMLP ME tagger
= Wildcard tagger
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Part 3: Preprocessing

Preprocess documents and filter words

v f KNIME Labs

v =% Text Processing Preprocessing

= 10 Punctuation Erasure Number Filter N Chars Filter Stop Word Filter Case Converter = Snowball Stemmer Tag Filter

1= Enrichment
1= Transformation > B> B> B2 >Ry > B> > By > R
w [—= Preprocessing : : ) B} . )

B Case converter

% Diacritic Rermaver Remove Remove Remove Remove To lower case Reduce to Only adjectives,
punctuation numbers small words stop words word stem adverbs and nouns

% Dict Replacer

% Dict Replacer (2 in ports)

% Dictionary Filter

% Hyphenator

% Kuhlen Stermmer

B2 Modifiable Term Filter

B2 M Chars Filter

BF MNumber Filter

%% Porter Stemmer Fescing ey | =

B2 Punctuation Erasure o sl 85 B & B B

B RegEx Filter e cwme e, mmel | S mmo ML AL e mn g

B2 Replacer = \

BF Snowball Stemmer ion and Frequenct == o

Ba Stanford Lemmatizer T omnanean s B

BZ Stop word Filter ’:; _’m: ;:m h:vmm::l"f B kil ) S 4
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% Tag Stripper
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Part 4: Transformation and Frequencies’ Computation

Preprocess documents

w =% Text Processing
=10
== Enrichrment
w = Transformation
B2 Bag of Words Creator
%: Docurment Data Extractor
%ﬁ Document Vector Adapter
E* Document vector
%ﬁ Docurment vector hashing
B Meta Info Extractor
B Meta Info Inserter
B Sentence Extractor
St String to Term
=3 Strings To Document
Ts Tags to String
Ts Term to String
Ts Term to Structure
Ba¥ Term vector
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v ﬁn. Other Data Types
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> =10
P == Enrichment
P =% Transformation
» == Preprocessing Bag Of Words
¥ =2 Frequencies Creator TF Document Vector
B pr >
12MS
. N R * ] Ed
|?=:‘:,’Frequency Filter > % > > I%u > > %‘m m
+
B¥cr _ _ .
&% DF - . -
B* NGram Creator Term frequency Create document
&3 1F vector
|,3=:‘:,’ Term Co-Occurrence Counter
+
|,3=:'m Term Document Entropy
Reading Enrichment Preprocessing
[PPCTRSIINDUON R | SN | NRUT———— Chmsrim g oo Sy s T
g » e R » O - — T r O r3r rRe
and qL i E i i Ducaian
I ot va—
L I Catgory To Clus Color Murmgar  Poilicning R Scome

o R

R ———— -

'*m’g’n_"‘:»gr‘ YA,
. .

oy coc

.
Edtrac: sxrimem Celorby semteet UL e ctm concirin
ozl hne! ot zat e ol s moal

Open for Innovation

KNIME



Part 5: Classification

Lexicon based Machine learning
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Clustering

Find groups (clusters) of
documents
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Visualizing Clusters

Methods:
Hierarchical clustering
K-Means / Medoids
Density based

t-SNE for embedding of high
dimensional data
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Topic Modeling in Text Mining

The process of discovering (learning, identifying, extracting) topics across
a collection of documents (corpus)

Common assumptions for all topic modeling models:
Each document consists of a mix of topics
Each topic consists of a collection of words/terms

Topics are “hidden” or “latent” constructs in between documents and words

The goal of topic modeling is to discover these latent variables (i.e., topics)
that shape the meaning/semantics in the document collection

© 2022 KNIME AG. All rights reserved. iznﬁmloﬁ E



Latent Dirichlet Allocation (LDA)

LDA uses Dirichlet priors/distributions for the document-to-topic and topic-to-word
associations/allocations

LDA is a generative statistical model
It is an unsupervised learning process

Given a set of training data the goal is to identify the underlying distribution by generating samples from the
same distribution

Dirichlet distribution - Dir(a)
It is a family of continuous multivariate probability distributions parameterized by a vector a of positive reals.
It is a multivariate generalization of the beta distribution
Hence, it is also called multivariate beta distribution (MBD)
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Latent Dirichlet Allocation (LDA)

© 2022 KNIME AG. All rights reserved.
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Latent Dirichlet Allocation (LDA) in KNIME

4 ﬁ.ﬂ. Other Data Types

4 = Text Processing
» =% 10
» =% Enrichment
» =% Transformation
> |=* Preprocessing
» = Frequencies
4 1= Mining

% Chi-5quare Keyword Extractor

% Keygraph Keyword Extractor
B StanfordMLP Open Information Extra

ABC

BE¥ StanfordMLP Relation Extractor
B2 Topic Extractor (Parallel LDA)

Daocument table with topics - 2:296 - Topic Extractor (Parallel LDA) (Extract topics ﬁommﬂg

File Hilite Mavigation Wiew

Table “default” - Rows: 901 | Spec - Columns: 15 I Properties I Flow 'l.n'ariables|

Row ID [§] ABSTRACT | Document|[D]t...|[D]...|[D]..- |[D]..-|[D]--|[D].--|[D]---|[D] ---|[D 8| [S ] Assigned
Row0 The need for c... |pido01” 0,377 |0.001 [o 0.618 |0.001 [0 0 0.001 [0.001 [topic_3 ~
Rowl Although much ... pidooz2” 0.002 (0,001 [0.001 |0.729 |0.262 |0.001 [0.001 [0.002 [0.002 |topic_3 |§|
Row2 wWhen producer. ., [pid003" 0.195 |[0.002 [0.699 |0.005 [0.003 |0.001 [0.076 [0.017 [0.002 |topic_2 B
Row3 Preservation of... [pid004™ 0.002 [0.001 [0.001 [0.713 [0.14 |0.001 [0.022 |0.097 [0.023 |topic_3

Topic terms - 2:296 - Topic Extractor (Parallel LDA) (Extract Iteration statistics - 2:296 - Topic Extractor (|

= M e ——— File Hilite Mavigation View
s isC - =
Table "default” - Rows: 90 | Spec - Columns: 3| Properties I Flows V: Tahle "default™ - Rows: 100 | P — I By
— - T (
Fow ID @ Topicid @ Term @ Weight fow ID IIl Tteration IE Log likel...
Row( topic_0 firm B
Tobic Extractor Rowl topic_0 investmoiic 217 RowD 10 8.722
opic O u t p ut Row2 topic_0 value 193 Rowl 20 -8.422
{Pﬂm LDA} Row3 topir- 5 perf‘grmance 140 Row2 30 -3.314
> _ _ Row4 topic_0 information  |135 Row3 40 -8,25
> % > E Document tabie with topics Roms topic_0 market 132 Rowa 0 a.711
> Toni Rowd topic_0 network 117 Row5 &0 3.179
o @ opic terms Row7 topic_0 technology  [114 RonG 0 ERT
. - Rowg topic_0 benefit 109 '
Node 78 E Iteration statistics Rowd topic_0 cost 105 Row?7 80 -8.141
Rowil topic_1 oroject 981 Rows a0 8,121
Rowll topic_1 coftware 185 Rowg 100 -3.109
- e R R R T R . e
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From Words to Wisdom Book

Free Copy of “From Words to Wisdom” Book from KNIME Press

KNIME Text Processing extension enables you

https://www.knime.com/knimepress FROM
with code: INTRO-TP-1122 WORDSH
WISIDOIVI

to Text Mining with

Vincenzo Tursi and Rosaria Silipe

© 2022 KNIME AG. All rights reserved.
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https://www.knime.com/knimepress

Stay connected with KNIME

I:r Blog: knime.com/blog

Forum:
forum.knime.com

hub.knime.com

KNIME E-Learning Course:

fa
ND{E KNIME Hub:
1SS

www.knime.com/e-learning-
course
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Installation

Install KNIME Textprocessing Extension from menu...

KNIME Analytics Platform nsta O
File | Edit View MNode Help Available Software
ﬁ Mew... Ctrl+M Check the items that you wish to install. J)"--
Save Ctrl+5 "
Bl SaveAs textprocessing
Save All Ctrl+Shift+5 Name Version "
Clase All Ctrl+ Shifte W kg KMIME Textprocessing 4.1.0.201912021617
[] kg KMIME Textprecessing - Deeplearningd) Integratien (64bit only) 4.1.0,201911110G39
Recent Workflows 3 [ ik KNIME Textprocessing Arabic Language Pack 4.1.0,v201911281453
g extprocessin inese Language Pac 1.0 7
[ KNIME Textp g Chinese Language Pack 4,1.0.v201908271600
Print... Ctrl+P [ 4= KMIME Textprocessing French Language Pack 4,1,0,201908271600
j&' Imoort KNIME Werlflow [ 4 KMIME Textprocessing German Language Pack 4.1.0.,v201908271600
- P [ KNIME Textprocessing Spanish Language Pack 4.1.0.5201908271600
4=z Bxport KNIME Workflow... [ 4 KNIME Textprocessing Turkish Language Pack 4.1.0201911110939 v
#  Exportto SVG...
L P Select All Deselect All 1 itemn selected
Impart from MyExperiment
Export to MyExperiment Detal
Containerization ¥
Switch Workspace » [[]Show only the latest versions of available software [[]Hide items that are already installed
Preferences [ Group items by category What is already installed?

:'_:;} e e [[]Show only software applicable to target environment

3 Import Preferences...

Install KMNIME Extensions...
Update KNIME...

Restart

e < Back Finish Cancel
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Installation

...or drag-and-drop from KNIME Hub

KRiivie Q N

KNIME Hub > knime > Extensions >

v4.1.0
.
KNIME Textprocessing
This feature contains nodes for text processing.
KNIME
£+ Included nodes ={, Related workflows R
fe ¢ Add to KNIME Analytics Platform
:,,,,, Drag extension into the workbench of
. . . . . LB kNIME Analytics Platform 4.x

Abner Tagger This node recognizes biomedical named entities, such as genes,
proteins or cells and assigns tags to the corresponding » Bz >
Other Data Types = Text Processing > Enrichment Legal

Manipulator Copyright by KNIME AG, Zurich, Switzerland
@ License

Bag Of Words Creator This node creates a bag of words (BoW) of a set of documents. A BoW
consists of at least one column containing the term.. > 52> ¢ Short link
Other Data Types > Text Processing > Transformation hitps-f/kn mefe/PH_ptBLLALTMich?

Manipulator . = Sl

Brat Document Writer This node takes the documents in the selected column and writes
them, each as two files (.txt and .ann), into the selec... o =
Other Data Types > Text Processing > 10

Open for Innovation

© 2022 KNIME AG. All rights reserved. KN I M E




Open for Innovation

KNIME

Thank you — Questions?



