
Flexible NLP for Varied Applications and 
Data Sources 
 

David Milward, PhD 

CTO, Linguamatics 



Overview 

Using NLP to 

− find, normalize and summarize information 

Applications: bench to bedside 

− genotype-phenotype relationships 

− drug repositioning using clinical trial AE reports 

− regulatory QA 

Agile NLP 

− interactive, data-driven approach 

Adverse Event Mining 

− scientific articles, drug labels, Twitter 
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Find information however it is expressed 
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Different word,  
same meaning 

cyclosporine 

ciclosporin 

Neoral 

Sandimmune 

 

Different expression,  
same meaning 

Non-smoker 

Does not smoke 

Does not drink or smoke 

Denies tobacco use 

Different grammar,  
same meaning 

5mg/kg of cyclosporine per day 

5mg/kg per diem of cyclosporine 

cyclosporine 5mg/kg per day 

 

Same word,  
different context 

Diagnosed with diabetes 

Family history of diabetes 

No family history of diabetes 

 

NLP  



Represent information in a standard format 
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Category Text Normalized Value 

Diseases breast cancer Breast Neoplasm 

carcinoma of the breast 

Genes Raf-1 RAF1 

Raf I 

Dates 27th Feb 2014 20140227  

2014/02/27 

Measurements 0.2g 200 mg 

Two hundred milligrams  

Mutations Val 158 Met V158M 

Val by Met at codon 158 

Entrez Gene ID: 5743 
inhibits 

nimesulide, a selective COX2 inhibitor, … 



Summarize information for fast review  

Identify Extract Synthesize Analyze 

Charts for drill down 

Trending over time 

Mind maps with clustering Clustered results 
table 

© 2017 Linguamatics Ltd 5 

Indirect Relationships 



Feed information to Machine Learning 

NLP can turn unstructured text at large scale 
into features to drive predictive models 

Examples using Linguamatics I2E include: 

− Kaiser Permanente for pneumonia prediction 

− Roche to predict success or failure of target-

indication pairs 

− Top-10 pharma to categorize call center 

transcriptions (Voice of the Customer) 

− patient reported outcomes 

− side effects 

− drug interactions 
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Applications: Bench to Bedside 
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From Bench to Bedside: Insight Needed 
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Regulatory 
approval 

Phase 3 
Clinical 
trials 

Basic  
research 

Idea Patient 
care 

Phase 2 Phase 1 

Delivery Development Discovery 

Business critical questions 

What targets are 
involved in bone 
cancer? 

What companies are 
patenting a particular 
technology? 

What are the safety 
risks of my drug? 

Where can I site my 
Phase 1, Phase 3 
clinical study? 

What are the clinical 
risks for my patients? 



Genotype-Phenotype association in Hunter 
Syndrome (Shire) 
 

Rare X-linked recessive disorder 

Spectrum of clinical severity (mild to 

severe); main difference is progressive 

development of neurodegeneration in 

the severe form 

Structured databases lack broad 

phenotypic association data 

Sparse data, needs high recall across 

full text papers 

Extraction of patient mutations 

matched or bettered genetic databases  

Enables focused precision medicine 

approach for patient care 
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Drug Repositioning:  
ClinicalTrials.gov (Lilly) 

Clinical trials report Adverse Events that occur while a patient is 

taking a drug vs. a placebo 

If Adverse Events are fewer taking the drug vs. the placebo, the 

drug may be stopping the disease occurring 

Information extracted into Excel using Linguamatics I2E 

− Combination of use of terminologies, and structured fields in the document 

− 100K serious AEs classified as cancer  

Odds ratio and z-score calculated 

− Excel output loaded into Megaputer’s PolyAnalyst  

− Results thresholded by number of AEs 

Results suggests existing drugs that could be used as novel 

treatments for cancer 

Opportunity to do the same on other data sources e.g. FDA AERS 

data, EHRs 
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Drug Repositioning:  ClinicalTrials.gov 
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Regulatory Examples 

Extraction of values for IDMP (Identification of 
Medicinal Products) 

− Converting information within drug submission 

documents into structured data 

− Required in all the European languages 

Regulatory submission documents QA/QC 

− Varied documents (Office, PDF etc.) 

− Check summaries vs. source documents 

− Check information within tables vs. text 

− Check formatting, calculations, thresholds 

− MedDRA coding/code checking 
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Commonly reported conditions included 
Seasonal allergies, Back pain, and 
Hypercholesterolaemia. The majority of 
AEs were considered treatment related 
in all cohorts and the relationship 
between treatment groups and between 
cohorts was similar to that observed for 
all-causality AEs. Permanent 
discontinuations were reported at higher 
rates in the Rx groups than in the 
placebo groups in the 3 pooled cohorts. 
The majority of AEs leading to 
permanent discontinuation were 
considered treatment related in both 
treatment groups in all cohorts. The 
single most frequently reported event 
was headache, which was reported in 
approximately 40% of Rx subjects and 
20% of placebo subjects in the 2000 

Pooled cohort. Other AEs reported 
across all cohorts at rates greater in Rx 
subjects than placebo subjects included 
Seasonal allergies and Insomnia (2000 
8.4% vs 5.4%, 2003 0.9% vs 0.8%, 

2006 14.0% vs 10.1%; Rx vs placebo 
respectively). 
 

Sample table and text highlighting, to show 
inconsistencies between data. The highlight colour 
makes it easy for the reviewer to rapidly assess 
where there are errors and what type of errors, 
and can then correct these appropriately. 

Table: Most Frequently Reported Medical 

Conditions (5% in Any Treatment Group) 
 

Study 
2000 Pooled 

Studies 
2003 Pooled Study 

Total Number 

Subjects 

Rx 

N=997 

Pbo 

N=927 

Rx 

N=1021 

Pbo 

N=956 

Number (%) of Subjects 

Cardiac disorders 70 

(7.0) 

32 

(3..5) 

108 

(10.6) 

101 

(10.6) 

Angina pectoris 4 

(0.4) 

5 

(0.5) 

74 

(7.2) 

71 

(7.4) 

Dyspepsia 174 

(17.5) 

120 

(12.9) 

3 

(0.3) 

2 

(0.2) 

GERD 83 

(8.3) 

52 

(5.6) 

30 

(2.9) 

27 

(2.8%) 

Metabolic / nutritional 

disorders  

253 

(25.4) 

165 

(17.8) 

194 

(19.0) 

212 

(22.2) 

Dyslipedaemia 1 

(0.1) 

0 

(0) 

15 

(1.5) 

19 

(2.0) 

Hypercholesterolaemia 65 

(6.5) 

50 

(5.4) 

88 

(8.6) 

103 

(10.8) 

Hyperlipidaemia 147 

(14.7) 

79 

(8.5) 

56 

(5.5) 

66 

(6.9) 

Osteoarthritis 102 

(10.2) 

57 

(6.6) 

12 

(1.2) 

11 

(1.2) 

Nervous system 

disorders  

628 

(63.0) 

409 

(44.1) 

28 

(2.7) 

19 

(2.0) 

Headache 413 

(41.4) 

280 

(30.2) 

9 

(0.9) 

7 

(0.7) 

Psychiatric disorders 137 

(13.7) 

81 

(8.7) 

14 

(1.4) 

15 

(1.6) 

Insomnia 84 

(8.4) 

47 

(5.1) 

9 

(0.9) 

8 

(0.8) 

Key 
 

Incorrect formatting: 
doubled period, 
incorrect number of 
decimal places, 
addition of percent 
sign 
Incorrect calculation: 
number of patients 
divided by total 
number does not 
agree with percent 
term 
Incorrect threshold: 
presence of row does 
not agree with table 
title 
Text-Table 
inconsistency: 
numbers in the table 
do not agree with 
numbers in the 
accompanying text 
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Coding Consistency Checking 

Take a term and output the standardized name from the 
coding scheme 

Compare the name to the name provided for the code 
(in brackets) 

Showing all examples here, but could restrict to those 
where there is an inconsistency, marked with red 
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At-risk 
Patient 

Information 

Regulatory 
Reporting 

Decision 
Support 

Cohort ID 

Mining 
Research 

Document-
ation 

Clinical 
Trials 

CAPD 

Patient 
Summaries 

Problem 
List 

Analysis 

Clinical NLP Applications 
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CAC/CDI 
Applications 

Research  
Applications 

Population  
Health  

Applications 

NLP 
Healthcare 
Application 

Areas 

Disease 
Burden 

Risk  
Adjustment 

Computer
-aided 

Diagnosis 

Predictive 
Analytics 

Quality 

Patient 
Safety 

HEDIS, 
ECQMs, 

etc. 



What Do People Look Like in Your Data? 
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Cohort Selection and Patient Stratification  
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Weight ≥ 80kg 

Below 60 years old 

Reports after 2010 

With mutation C677T 

Cancer patients 

17 
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CHALLENGE 

Identifying disease 
comorbidities for study via 
patient narratives. To find 
700 patients with HIV and 
Hepatitis C manually took 
5 medical students 4 
months. 

IMPROVING CHART REVIEW 
MINING PATIENT RECORDS FOR DISEASE 
COMORBIDITIES 

SOLUTION 

Using Linguamatics I2E 
queries for disease codes 
and terminology took less 
than half a day to identify 
1100 patients. 

BENEFIT 

Patient groups can be 
quickly identified from 
both structured and 
unstructured text. 
Identifying new disease 
cohorts is easy and can be 
quickly iterated to select 
new groups for study. 



Predicting 30-Day Readmissions  
 

Mining discharge summaries for 

insights from unstructured data 

− Social determinants, ambulatory 

status and living location 

I2E used to explore 700,000 

patient data set and extract 

attributes for statistical and 

Machine Learning modelling 

Project resulted in 

− Well characterized, consistent and 

well populated data for ML without 

huge manual curation effort 

− Queries that can be used in real-time 

to support new predictive models 
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Population Stratification for Heart Failure 
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Identification of risk factors in 

unstructured patient data 

relating to Congestive Heart 

Failure from EHR and nurse 

notes 

I2E mining large quantities of 

unstructured text to risk 

stratify the CHF population 

− 1.5TB of unstructured 

information, mixed format 

− Results saved into data 

warehouse 



Identifying Missed Heart Failure Diagnosis 
 

Left Ventricle 
Ejection Fraction 
is a measure of 
heart 
performance 
Vital data for 
classification of 
heart failure 
Used to identify 
undiagnosed high 
risk patients for 
targeted care 
Values drive 
patient level and 
population risk 
models 
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Agile NLP 
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Agile NLP for Data Scientists/Analysts 

 

Linguamatics I2E provides: 

− interactivity and scalability of 

search 

− quick to develop new 

extraction patterns 

− accessible to data experts 

− precise, structured results of 

traditional NLP 
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 Agile 
NLP 

NLP 

Search 

Terminologies 

Traditional NLP is powerful, but not accessible to non-
experts 

− patterns have to be programmed  

− or machine learned from relevant annotated data 



I2B2 2014 Cardiac Risk Factors 

Challenge to extract a fixed set of Cardiac Risk 
factors  

− Risk factors include:  

− medications, mentions of diabetes, hypertension, 

hyperlipidaemia, obesity, glucose/LDL/A1C/BMI test 

results, “cardiac events”, family history of coronary artery 

disease, smoking etc. 

− Each annotation must also be given a temporal relation 

to the document  

− i.e. the patient had a heart attack BEFORE the day of the 

report, the patient’s LDL was tested DURING the day of the 

report 

I2E F1-score: 91.7% 
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Lowest Mean Highest Std. 
Deviation 

35% 81.5% 92.8% 14.5% 



Data-Driven Approach 

Interactive development of 
semantic and syntactic rules  

− similar to refining a keyword search 

Explore millions of documents to 
see how people express concepts 
and use different constructions 

− frequency analysis used to prioritize 

Compare results returned by high 
recall or high precision queries 

− refine precision and recall  

− reduce need for domain expertise 
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Adverse Event Mining/Coding 
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AEs from MEDLINE and Drug Labels 
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AEs from MEDLINE vs. Drug Labels 
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Dealing with Varied Context 

Even in a warning section, not everything 
should be coded as an AE 
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Tabular Data, not just Free Text 

Process tables to deal with merged cells, and 
connect headers with cells 

Allows a single query to access data from differently 
structured tables 
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AEs from Social Media 
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Summary 

NLP is providing access to the approximately 
80% of data otherwise trapped in unstructured 
text 

− key to more effective drug discovery and delivery of 

better healthcare 

Linguamatics I2E agile NLP provides insights 
across the bench-to-bedside continuum 
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− precise, structured results in the 

format required 

− interactive and scalable search 

Now completing the loop from 
the bedside back to the bench 

 

 

 


