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▪ Introduction – Text Analytics Basics

▪ Development

– Data Extraction for Knowledge Graphs

▪ Applications

– Knowledge Graphs and Text Analytics

▪ Text Analytics and Knowledge Graphs for Gen AI

▪ Conclusion
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Introduction: KAPS Group

▪ Network of Consultants and Partners - 2002

▪ Text analytics consulting: Strategy, Development-taxonomy, text 
analytics foundation & applications, Prompt Engineering

▪ Mini-Projects – get started or take to next level

– Strategy-TA & Gen AI, Mini-POC - Categorization

▪ Partners –Semantic Arts,  Expert AI, Synaptica, SAS, Smartlogic,  
Lexalytics, BA Insight, BiText

▪ Clients: Genentech, Novartis, Northwestern Mutual Life, Financial 
Times, Hyatt, Home Depot, Harvard, British Parliament, Battelle, 
Amdocs, FDA, GAO, World Bank, IMF, IFC, Dept. of Transportation, 

RWJF, IDG/Foundry, Service Now, etc.

▪ Presentations, Articles, White Papers – www.kapsgroup.com

▪ Program Chair – Text Analytics Forum – Nov. 19-20

http://www.kapsgroup.com/
http://www.text-analytics-forum.com/2017/
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A treasure trove of technical detail, likely to become a definitive 

source on text analytics – Kirkus Reviews 

Book signing – too late



Text Analytics Basics
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Text Analytics Forum (TAF)

Elements of Text Analytics

▪ Auto-categorization -  Statistical – Rules

– Brains of the outfit: (Rules) Makes everything else smarter

– Sentiment Analysis – positive & negative, attitudes

• Advanced - racial equality, social media analysis 

▪ Data Extraction – entities, concepts, events, facts

– Analytical applications, enhance search - facets

▪ Supplemental – NLP, summarization, variety of analytical

– NLG – Language generation

– Text Mining – NLP, feed analytical apps, terms for categorization
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Data Extraction Auto-Categorization

Knowledge Graphs Tagged Content,

Enterprise LLM

Search, KM, Sentiment Analysis, Trend Analysis, Topic 

Discovery, Chat, Customer Support, Fraud Detection, 

Analytical Apps, ETC. ETC,

Content

Concepts

Text 

Analytics

Semantics

Applications

Documents, Feeds, Social Media Posts, Text, 

Metadata, etc.

Taxonomy – Ontology  - Content Structure  Model

Text Analytics and Gen AI in the Enterprise



Development
Categorization for Knowledge Graphs

Data Extraction for Knowledge Graphs
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Text Analytics Forum (TAF)

 The start and foundation: Knowledge Audit

▪ Start for both K Graphs and Text Analytics

▪ Contextual interviews, content analysis, surveys, focus 
groups, ethnographic studies, text mining

– Gather and analyze relevant data

▪ Category modeling – Monkey, Panda, Banana

▪ Harmonize data across data sets – Taxonomy and Ontology

▪ Augment graph with new entities and relationships from text

– Entity Extraction

– Relationship Extraction

▪ Clean data – absolutely essential – use Text Analytics

– Categorization, Clustering, Eliminate dups,

– Tagging documents – basis for multiple applications 
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Text Analytics Forum (TAF)

Categorization Techniques – Two Basic Approaches

▪ Machine Learning – Bayesian, Vector space, CNN, RNN

– Create a statistical/neural net signature and compare new 
content 

– Results are poor, difficult to improve, needs large numbers of 
representative documents

▪ Categorization language -  AND, OR, NOT

• Advanced – DIST(#), ORDDIST#, PARAGRAPH, 
SENTENCE

• Good results, flexible and power – DIST, etc.

• Need to learn a categorization language 
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Content Structure Models

No Such Thing as Unstructured Text

▪ Documents are not unstructured – poly-structure

– Words, Sentences, and Paragraphs

– Sections and Clusters

▪ Sections –  Variety - “Abstract” to Function “Evidence” 

– Categorization – Title, Sub-title, Abstract, Executive Summary

– Special - Results / Methods / Objectives

– Systemic Text – Acknowledgements, References 

– Data Sections – Major and throughout – Tables, etc.

▪ “Summary” – human judgement on what the document is about

▪ Bag of Words = Bag of S**t
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RWJF Mini-POC: Document Structure
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RWJF Mini-POC

Overview Average Scores

Recall Precision Precision Top 10

With Sections 95% 92% 99%

Full Text 71% 41% 81%

Difference 24% 51% 18%
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Text Analytics Forum (TAF)

Development: Data Extraction Process

▪ Facet Design – from Knowledge Audit, K Map

▪ Catalogs – linked data or convert to internal:

– Organization – internal resources

– People – corporate yellow pages, HR

– Include variants 

– Scripts to convert catalogs – programming resource

▪ Build initial rules – follow categorization process

– Differences – scale, threshold – application dependent

– Recall – Precision – balance set by application

– Issue – disambiguation – Ford company, person, car

▪ Unknown entities – NLP rules – “cap cap said”
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Text Analytics Forum (TAF)

Context: Fact Extraction

▪ Two types

– Find specific entities

• Not all addresses, Company addresses

– Find relationship of two entities

• Company A merges with Company B

▪ Need rules that can process context around key data

– Dictionaries

– Patterns – CAP CAP said

▪ Software selection is a key - rules

– If only ML, poor results



24



25



26



Applications

Knowledge Graphs and Text Analytics
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Text Analytics Forum (TAF)

Clean Data – Basis of Multiple Applications

▪ Enterprise Search

– Search-based apps

▪ Prompt Context – Knowledge Graph

▪ RAG – only as good as the search

▪ Training set for SLM (Small Language models)
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Text Analytics Forum (TAF)

Metadata – Tagging – Mind the Gap

▪ Tagging documents with taxonomy nodes is tough

– And expensive – central or distributed

▪ Authors – Experts in the subject matter, terrible at categorization

– Intra and Inter inconsistency, “intertwingleness”

– Choosing tags from taxonomy – complex task

– Folksonomy – almost as complex, wildly inconsistent

– Resistance – not their job, cognitively difficult = non-

compliance

▪ Combination of tagging runs and author-software hybrid

– Cognitive task is simple -> react to a suggestion instead of select 

from head or a complex taxonomy
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Text Analytics and Search

Multi-dimensional and Smart

▪ Search continues to underperform

▪ Faceted Navigation has become the basic/ norm

– Facets require huge amounts of metadata

– Entity / noun phrase extraction is fundamental

– Automated with disambiguation (through categorization)

▪ Taxonomy – two roles – subject/topics and facet structure 

– Complex facets and faceted taxonomies

▪ Clusters and Tag Clouds – discovery & exploration

▪ Auto-categorization – aboutness, subject facets

– This is still fundamental to search experience

▪ InfoApps only as good as fundamentals of search



▪ Content Type 
– Source of Materials
– DWR,
– Work Order,
– Work Order-Related
– Project Profile

▪ Project No/Contract No/UPC
▪ Location: District, Jurisdiction, 

Route
▪ Type of Work
▪ Award Amount
▪ Manufacturers and Suppliers
▪ Contractors

▪ Materials
▪ Equipment
▪ Pay Items
▪ Work Order Category
▪ Work Issue 

– Drainage
– Utility
– Weather
– Plan-Related
– Work Zone-Related

Solution Development

Semantic Model – Elements (“facets”)

31



Text Analytics Forum (TAF)

Expertise Analysis
▪ Expertise Location 

▪ Political – conservative and liberal minds/texts

– Disgust, shame, cooperation, openness

▪ Social Media analysis – Voice of customer, employee

▪ Distinguish customers likely to cancel from mere threats

▪ Basic Rule

– (START_20, (AND, (DIST_7,"[cancel]", "[cancel-what-cust]"),

– (NOT,(DIST_10, "[cancel]", (OR, "[one-line]", "[restore]", 

“[if]”)))))

▪ Examples:

– customer called to say he will cancell his account if the does 

not stop receiving a call from the ad agency. 

– and context in text 32
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Social Media Applications

Pronoun Analysis: Fraud Detection; Enron Emails

▪ Patterns of “Function” words reveal  wide range of insights

▪ Function words = pronouns, articles, prepositions, conjunctions.

▪ Areas:  sex, age, power-status, personality – individuals and 

groups

▪ Lying / Fraud detection:  Documents with lies have

– Fewer and shorter words, fewer conjunctions, more positive 

emotion words

– More use of “if, any, those, he, she, they, you”, less “I”

– More social and causal words, more discrepancy words

▪ Current research – 76% accuracy in some contexts

▪ Part of analytical effort – future research



Text Analytics and Knowledge Graphs for Gen AI
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Text Analytics Forum (TAF)

Gen AI Hype

▪ History of AI – story of hype and failure, boom and bust

▪ AI Hype – both sides guilty – AI will kill us all, AI will transform 

everything

▪ “Soon AI models could perform the entire scientific method, 

without humans” – Time

▪ “Meanwhile, driverless vehicles will put truck, bus, and taxi drivers 

out of work.” -Time

▪ “We are at the beginning of the agentic era, the most significant 

transformation in the history of work.” – Marc Benioff

▪ “We’re creating systems that understand text, voice, images, and 

code,…” – Marc Benioff
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Text Analytics Forum (TAF)

Generative AI and Text Analytics

▪ Gen AI doesn’t understand anything.

– Text prediction on steroids`

– We project intelligence on to almost anything – Eliza on

▪ General limitations

– Hallucinations – esp. critical areas – finance, legal, etc.

– Security-bias, lack of transparency

– Limits of scale – diminishing returns – billions = 3-5% increase

– Cost – need for 100’s billions documents, banks of super computers

– 85% of Gen AI projects fail to deliver significate value

– 77% workers – AI increased their work load, not productivity

– Need humans in the loop – but this limits and slows AI
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Text Analytics Forum (TAF)

Generative AI and Text Analytics

▪ Issue of quality

– New advanced version – can’t count to three

– Can’t learn on its own

– Correlation – no understanding of causality

– LLM Brain rot: Esp. if trained on clickbait, short video social media

– 75% of new web content is at least partially generated by Gen AI

▪ Negative Impacts

– Higher AI literacy brings more overconfidence

– Greater use of Gen AI = lower critical thinking skills

– “The danger is not that machines develop too much intelligence, but 

that we stop exercising our own.”
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Text Analytics Forum (TAF)

Gen AI AGI or Bubble Burst

▪ AGI? Not a chance without new approach, breakthrough

– Yann LeCun-world models

▪ Which AI – Gen, ML, Behavior Prediction? None/all of the above

▪ “We must choose wisely” – Marc Benioff

▪ History tells us that some will choose wisely, some will choose 

badly. 

– Most hype fails to deal with those people, organizations, and 

countries that will use AI for bad purposes” 

▪ Agents  based on current LLMs – danger of low quality and 

catastrophic errors – Chinese automated attack with Claude 

based  agent
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Text Analytics Forum (TAF)

How Overcome Limitations - General

▪ AI Projects fail 2x higher rate than general IT projects

▪ AI agents – can automate advanced actions 
– But – they cheat, use blackmail, and refuse to be turned off

▪ Combine text analytics and Gen AI
– Build Foundation – accurate training sets for multiple applications

– Methods
• Statistical – there is more bad content than good

• Human curation is expensive and inconsistent (75% agree)

• Search engines not accurate enough

– Answer – semi-automatic content curation – auto-categorization 

and human curation



40

Text Analytics Forum (TAF)

Knowledge Graphs and Gen AI

▪ Prompt Context 

▪ Prompt Engineering (300K) to minimum skill 

▪ Knowledge Graph in the prompt

▪ Increase accuracy and reduce hallucinations

▪ RAG – Retrieval Augmented Generation

▪ Search query results (documents) added to the prompt

▪ Only as good as the search (Enterprise Search Sucks)
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Text Analytics Forum (TAF)

Small Language Models

▪ Limits of LLMs

– Energy costs 

– Scale – diminishing returns

• Running out of new human generated training content

– Increase security – more control over content

▪ Training set for SLM (Small Language models)

– SLMs focused specific tasks

– SLMs cheaper and faster, less resources

– Basic Method – distill public LLM

▪ Solves one problem but not disconnect of vocabulary, concepts

– ELM (Enterprise Language Models) solves disconnect
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Text Analytics Forum (TAF)

Gen AI, KG and TA Together

▪ Text Analytics can add structure (conceptual and linguistic) to AI 

– Multiple types of Knowledge Organization

– Taxonomy, ontology, knowledge graphs

– Content structure models – eliminate noise of Bag of Words

– Brain is more than a network – universal language detector

▪ Knowledge Models

– Use in tagging – training sets and more

– Use in prompts – adding context

– Use in applications – variety, platform

▪ Gen AI suggests taxonomy nodes, terms for rules – based on 

documents, general 

▪ Gen AI capabilities – sentiment analysis, summarization



Conclusions

▪ Text analytics, knowledge graphs and AI – mutual enrichment

– AI needs concepts, new kinds of structure-K graphs

– TA to KG – development phase

– KG to TA – application phase

▪ Text analytics turns “unstructured” content into data

– Feeds Knowledge Graph Development

▪ Categorization is the brains of the outfit 

– Smart applications, makes everything else smarter

▪ RAG with knowledge graphs with clean data from hybrid tagging

▪ Future = multiple integrations of methods, applications

▪ Text Analytics and K Graphs makes Gen AI Smarter and Safer
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Questions?
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Text Analytics Forum (TAF)

Additional Reading

▪ What is Smarter and Safer than Chat GPT? - KAPS Group

▪ There is No Such Thing as Unstructured Text - KAPS Group

▪ Enterprise AI's Weak Link - KAPS Group

▪ Lessons from Chess for Gen AI - KAPS Group

▪ Benefits of Text Analytics for Data-Driven Insights and AI 

Initiatives (progress.com)
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