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What do we want to do?

¥ Goal: structure medical free text for more accurate information retrieval
(e.g. searching, assigning billing codes).

¥ Problem: medical free text contain large amount of medical background
knowledge (e.g. ÓptÓ as a subject of a sentence usually meansÓpatientÓ,
Óotitis mediaÓ means Ómiddle ear infectionÓ).

¥ Solution: enhance standard text processing algorithms with medical expert
knowledge (e.g. prepare feature space that will contain background
knowledge).
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Overview

Background

¥ in spite of many theoretical works there are no practical neurolinguistic
algorithms available

Objective

¥ a practical application of a neurolinguistic approach to text
categorization/clustering is possible

SpeciÞc aims

¥ comparison between neurolinguistic approach and text
categorization/clustering methods that use prior knowledge (literature
review)

¥ development of an algorithm that reproduces expertÕs associative/semantic
neural path of activations (cognitive experiments)

¥ investigation of properties of the algorithm and its application to medical
text processing (examples, visualization, performance measures)
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Neurocognitive framework

Figure 1: Neurocognitive language processing model
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Recognition memory - MMTx

Processing 00000000.tx.0: Obstructive Sleep Apnea

Phrase: "Obstructive Sleep Apnea"

Meta Candidates (7)
1000 Sleep Apnea, Obstructive (C0520679) [Disease or Syndr ome]

901 Apnea, Sleep (Sleep Apnea Syndromes) (C0037315) [Disease or Syndrome]
827 Apnea (C0003578) [Pathologic Function, Sign or Symptom ]

827 Obstructive (Obstructed) (C0549186) [Functional Conc ept]
827 Sleep (C0037313) [Mental Process]

755 Sleeplessness (C0917801) [Disease or Syndrome, Sign or Symptom]
755 Sleepy (C0234450) [Finding]

Meta Mapping (1000)
1000 Sleep Apnea, Obstructive (C0520679) [Disease or Syndr ome]
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Recognition memory - MedLEE

Figure 2: Input to MedLEE: clinical free text.
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Recognition memory - MedLEE

Figure 3: Output of MedLEE: structured text.
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Recognition, semantic, episodic memory

Pt has mild OSA at baseline per previous sleep study.

Ambiguity:

¥ OSA - Sleep apnea, obstructive

¥ OSA - protein

¥ OSA - plant

Semantic memory in action:

¥ Semantic relations for disambiguation : sleep has other than
parent-child relationship with sleep apnea, obstructive.

¥ Semantic relations for assigning billing codes : sleep apnea,
obstructive has broader relationship with sleep apnea, unspeciÞed
(ICD9CM code 780.57).

8



Semantic memory - already in use!

¥ Drug drug interactions - a pharmacist or a physician is notiÞed when a
drug is prescribed that interacts with a drug that the patient is already
taking.

¥ Clinical trials enrollment - a physician is notiÞed when a patient meets
certain criteria needed for an enrolment for a clinical trial.
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Semantic memory - our focus

¥ Semantic memory - set of concepts encapsulating relations that deÞne
meaning (e.g. goose - turkey, tent - cabin, always symmetric).

¥ Associative memory - set of concepts encapsulating relations that deÞne
cooccurrence (e.g. dog - cat, hot - dog, sometimes asymmetric).

¥ Priming - improvement in performance in a cognitive task, relative to an
appropriate baseline, produced by context or prior experience (McNamara
(2005)).

¥ Semantic vs associative priming - time response for associatively and
semantically related prime - target are different (associative boost effect).

¥ Spreading activation - retrieval of concepts from memory amounts to
activating its internal representation, activation spreads from concept to
related concepts, activation accumulating in concept nodes facilitates their
subsequent retrieval (McNamara (2005)).
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Text categorization and clustering

¥ Text categorization - task where a category has to be assigned to a text
document (e.g. assigning patientÕs chief complaint).

¥ Text clustering - task where a text document has to be assigned to one of
a naturally emerging group of documents (e.g. showing typical patients
cases).

¥ Performance measures - for categorization a misclassiÞcation error
estimate is used and for clustering a partition quality measure is used (e.g.
average silhouette width).

¥ Cognitive task - text categorization and clustering can be viewed as
congnitive task that can performed by medical experts as well as machine
learning algorithms.
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Neurocognitive linguistics

Table 1: Comparison of neurocognitive linguistic models

Type Name Focus Publications

Neural SM89 PDP for sentence processing and
reading disorder simulations

McClelland et al. (1989); Plaut et al. (1996); Plaut and Booth
(2000); Plaut (1997); Seidenberg and McClelland (1989)

Neural SPEC Heterogeneous artiÞcial neural net-
works for sentence processing

Miikkulainen (1993, 1997a,b); Miikkulainen and Mayberry (1999)

Neural CLAR-NET Adaptive resonance theory for natural
language acquisition and understand-
ing

Carpenter and Grossberg (1988); Koutsomitopoulou (2004a,b);
Loritz (1991, 1999)

Connectionist ACT-R Cognitive simulation system for lexi-
cogrammar acquisition and processing

Anderson et al. (2004); Anderson (1976); Budiu and Anderson
(2004); Lewis and Vasishth (2005); Lewis et al. (2006); Stocco
and Crescentini (2005); Taatgen and Anderson (2002)

Connectionist NTL Connectionist model for language un-
derstanding and motor functions

Feldman et al. (1996); Feldman (2006); Shastri (2002a,b, 1999,
2006)

Connectionist LANG-
BRAIN

Relational networks for language ac-
quisition, understanding and produc-
tion

Lamb (2004, 1999); Webster and Chow (2005)
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Prior knowledge natural language processing

Table 2: Comparison of text processing algorithms that use prior knowledge

Task Prior
knowledge

Datasets Publications

Clustering WordNet Reuters Hotho et al. (2003)

Clustering WordNet Reuters Sedding and Kazakov (2004)

Clustering MeSH PubMed, Rat Genome
Database

Struble and Dharmanolla (2004)

Clustering MeSH PubMed Yoo et al. (2006)

Clustering WordNet 20 Newsgroups Jing et al. (2006)

Categorization WordNet Reuters, USENET, Digital Tradi-
tion

Scott and Matwin (1998)

Categorization MeSH OHSUMED Ruiz and Srinivasan (2002)

Categorization WordNet Reuters, Amazon Mavroeidis et al. (2005)

Categorization Wikipedia Reuters, OHSUMED, 20 News-
groups, Movies Reviews

Gabrilovich and Markovitch (2006)

Categorization WordNet Reuters Bloehdorn and Hotho (2006)

Categorization WordNet,
MeSH

OHSUMED Bloehdorn and Hotho (2006)

Categorization AgroVoc FaoDoc Bloehdorn and Hotho (2006)
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Summary

Neurocognitive linguistics so far:

¥ computational models of neurocognitive phenomena

¥ practical applications are not possible

Prior knowledge natural language processing so far:

¥ practical applications

¥ limited use of neurocognitive Þndings

Bridging the gap :

¥ practical application

¥ neurocognitive inspiration
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UniÞed Medical Language System

The purpose of National Library of Medicine (NLM) UniÞed Medical
Language System (UMLS) is to facilitate the development of computer

systems that behave as if they Óunderstand Ó the meaning of the language of
biomedicine and health.

UMLS components:

¥ Meta thesaurus

¥ Semantic Network

¥ SPECIALIST Lexicon and lexical tools

¥ MetamorphoSys

¥ MMTx (MetaMap Transfer)
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Some facts about UMLS

UMLS version 2007AC has:

¥ 92 English sources (e.g. SNOMED CT, MeSH, ICD-9-CM, ICD-10)

¥ 54,245 ambiguous phrases

¥ 3,723,408 unique English phrases

¥ 1,516,299 concepts

Concepts have:

¥ 16,918,281 unique structural (semantic) relations

¥ 13,226,382 unique co-occurrence (associative) relations (e.g. PubMed
medical subject headings co-occurrence)

¥ attributes, contexts, deÞnitions, semantic types, ...
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Example - data

Four documents and two predictions:

¥ Infectious skin disease

Ð Pt has viral skin disease .

Ð Pt has staphylococcal skin infection . Staphylococcal infection is
drug resistant .

¥ Pneumonia

Ð Pt has viral pneumonia .

Ð Pt has staphylococcal pneumonia . Staphylococcal infection is not
drug resistant .
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Example - data

Four documents and two predictions mapped to UMLS concepts:

¥ C0037278

Ð C0030705has C0162628.

Ð C0030705has C0038166. C0038160 is C0013203.

¥ C0032285

Ð C0030705has C0032310.

Ð C0030705has C0032308. C0038160 is not C0013203.
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Example - semantic types

MeSH root concepts:

¥ Analytical, Diagnostic and Therapeutic Techniques and Equ ipment

¥ Anatomy

¥ Anthropology, Education, Sociology and Social Phenomena

¥ Chemicals and Drugs

¥ Diseases (e.g. viral skin disease , staphylococcal skin infection , staphylococcal infection , viral
pneumonia , staphylococcal pneumonia )

¥ Health Care

¥ Humanities

¥ Information Science

¥ Biological Sciences (e.g. drug resistance )

¥ Natural Sciences

¥ Named Groups (e.g. patients )

¥ Organisms

¥ Psychiatry and Psychology

¥ Technology, Industry, Agriculture
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Example - data

Data matrix with Þve predictors and two predictions:

C0162628 C0038166 C0032310 C0032308 C0038160 predictions

doc1 1 0 0 0 0 C0037278

doc2 0 1 0 0 1 C0037278

doc3 0 0 1 0 0 C0032285

doc4 0 0 0 1 1 C0032285
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Algorithm - top down (no priming)

Training phase:

¥ get related concepts starting from concepts in the dataset

¥ remove edges so they go in one direction

¥ remove nodes the network based on correlation with categories

¥ adjust weights of edges so they minimize categorization error

Testing phase:

¥ spread activation from explicit concepts to related

¥ stop spreading when it does not improve
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Example - network topology

Figure 4: Initial graph for the predictors: 5 nodes, 0 edges.
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Example - network topology

Figure 5: First iteration of spreading activation: 95 nodes, 107 edges.
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Example - network topology

Figure 6: Second step of spreading activation: 1555 nodes, 3553 edges.
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Example - network topology

Figure 7: No recursive connections: 1555 nodes, 3054 edges.
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Figure 8: Feature selection based on Spearman correlation coefÞcient: 851
nodes, 924 edges.
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Dataset

Medical free text collection:

¥ 15110 discharge summaries from the Discovery Database produced by
Cincinnati ChildrenÕs Hospital Medical Center (CCHMC) between 7/1/2004
- 6/30/2005

¥ Ten initial diagnoses selected with total 4589 discharge summaries :
anemia, asthma, cerebral palsy, cystic Þbrosis, gastroenteritis, JRA, otitis
media, pneumonia, seizure, UTI.

Data subset after removing rare concepts and documents with small number of
concepts (better visualization and a lot of mixing):

otitis media pneumonia JRA total

497 382 29 908
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Results

Figure 9: Number of concepts that have been used as features was reduced to 224.

On average 25 concepts and 35 reltions are added at each step of iteration. Figure

shows relation between the number of clusters and the quality of clustering in the Þrst 9

iterations.
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Visualization
Figure 10: Multidimensional scaling representation of 3 selected classes (P - pneu-

monia, O - otitis media, J - juvenile rheumatoid arthritis), top left: original data (224

concepts), followed by iterations 2 (237 concepts), 3 (246 concepts) and 4 (280 con-

cepts).
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Enhancing vector representation

¥ Clinotype 1 - bottom cluster - obviously related to J.R.A. Original space contributed Chronic Childhood
Arthritis, Methotrexate, Knee, Joints, Hip region structure and Rehabilitation therapy, all with correlation
coefÞcients above 0.30;Enhanced Space : Porphyrins (4), Porphyrias (2), Cyproheptadine (4), Tolmetin
(1), Chlorpheniramine (4) and Ureteral ob-struction (2).

¥ Clinotype 2 - bottom cluster, has been quite mixed and the feature space has not been expanded by our
procedure. Original space : Pneumonia, Bacterial; Pneumonia, Pneumococcal; Obstetric Delivery,
Cefuroxime, Inßuenza, Ibuprofen with relatively weak correlation coefÞcients 0.06-0.10. Interpretation of
this cluster is not clear.

¥ Clinotype 3 - right cluster. Original space contributes: Pneumonia, Chest X-ray, Oxygen, Azithromycin,
Cefu-roxime, Coughing, with correlation coefÞcients between 0.8 to 0.15. Enhanced Space : Deslanoside
(3), Amyloid (3), Colchicine (3), Amyloidosis (2), Digitoxin (2) and Amyloid Neuropathies (3). This cluster is
related to pneumonia.

¥ Clinotype 4 - left cluster. Original Space : Otitis Media, Erythema, Tympanic membrane structure,
Amoxicillin, Eye and Ear structure, with correlation coefÞcients from 0.78 to 0.16. Enhanced Space
contributes: Respiratory Tract Fistula (4), Trimethoprim-Sulfamethoxazole Combination (4), SulÞsoxazole
(2), Nocardia Infections (3), Sulfamethoxazole (2), Chlamydiaceae Infections (4). This is obviously related
to otitis media.

¥ Clinotype 5 - top cluster. Original Space : Otitis Media, Pneumonia, Urinary tract infection, Virus
Diseases, Respi-ratory Sounds, Chest X-ray, with correlation coefÞcients between 0.40 and 0.10.
Enhanced Space : Respiratory Tract Fistula (4), Trimethoprim-Sulfamethoxazole Combination (4),
SulÞsoxazole (2), Nocar-dia Infections (3), Sulfamethoxazole (2) and Chlamydiaceae Infections (4). This is
another type of otitis media inßammation.

30



Algorithm - bottom up (priming)

Training phase:

¥ get related concepts starting from categories

¥ remove edges so they go in one direction

¥ remove nodes and edges that do not lead from concepts in the dataset to the

categories

¥ add edges and nodes so all branches terminate at the same depth

¥ adjust weights of edges so they minimize categorization error

Testing phase:

¥ spread activation from explicit concepts to related

¥ stop spreading when activation reaches categories
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Example - attractor network topology

Figure 11: Initial graph for the predictions: 2 nodes, 0 edges.
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Example - attractor network topology

Figure 12: First layer of related concepts: 203 nodes, 204 edges.
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Example - attractor network topology

Figure 13: Second layer of related concepts: 2426 nodes, 6479 edges.
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Example - attractor network topology

Figure 14: No recursive connections: 2426 nodes, 4540 edges.
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Example - attractor network topology

Figure 15: Connections that lead to predictors: 16 nodes, 22 edges.
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Example - attractor network topology

Figure 16: Feed forward network compatibility: 19 nodes, 25 edges.
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Example - attractor network topology

Figure 17: Back-propagation trained network: 19 nodes, 25 edges.
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Example - inhibitory connections

concept relation concept before after

Pneumonia RO Bacterial Infections 0.050 -0.005

Pneumonia CHD Pneumonia, Bacterial 0.700 0.691

Skin Diseases, Infectious CHD Cellulitis 0.350 0.343

Pneumonia PAR Infection 0.100 0.100

Skin Diseases, Infectious PAR Infection 0.550 0.541

Pneumonia RQ Staphylococcal Pneumonia 0.150 1.027

Pneumonia CHD Pneumonia, Viral 0.600 1.096

Bacterial Infections CHD Staphylococcal Infections 1.000 0.993

Pneumonia, Bacterial RO Staphylococcal Infections 0.050 0.007

Cellulitis RQ Staphylococcal Infections 0.05 0.014

Infection RN Staphylococcal Infections 0.050 -0.013

Azithromycin may be treated by Staphylococcal Infections 0.050 0.045

Clarithromycin may be treated by Staphylococcal Infections 0.050 0.045

Systemic infection clinically associated with Staphylococcal Infections 0.050 0.043

Skin Diseases, Bacterial CHD Staphylococcal Skin Infections 0.450 0.930

Skin has Þnding site Staphylococcal Skin Infections 0.050 0.214

Skin Diseases, Infectious may treat Azithromycin 0.050 0.045

Skin Diseases, Infectious may treat Clarithromycin 0.050 0.045

Skin Diseases, Infectious CHD Skin Diseases, Bacterial 0.450 0.987

Skin Diseases, Infectious CHD Skin Diseases, Viral 0.450 1.064

Pneumonia clinically associated with Systemic infection 0.100 0.096

Skin Diseases, Infectious RO Skin 0.150 0.255
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Example - spreading activation

Figure 18: Input layer activation.
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Example - spreading activation

Figure 19: Hidden layer activation.
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Example - spreading activation

Figure 20: Output layer activation.
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Dataset

Medical free text collection:

¥ 15110 discharge summaries from the Discovery Database produced by Cincinnati

ChildrenÕs Hospital Medical Center (CCHMC) between 7/1/2004 - 6/30/2005

¥ Ten initial diagnoses selected with total 4589 discharge summaries : anemia,

asthma, cerebral palsy, cystic Þbrosis, gastroenteritis, JRA, otitis media,
pneumonia, seizure, UTI.

Three diagnoses that show most mixing (bootstrapped misclassiÞcation error estimate
for a subsets of data based on linear SVM):

#docs #concepts dx1 dx2 dx3 1 - (.632+ error)

1959 1770 asthma otitis media pneumonia 0.7994

851 533 cerebral palsy JRA seizure 0.8205

501 426 asthma otitis media pneumonia 0.4961
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Results

¥ 150 epochs of batch gradient descent with momentum where learning rate
= 0.002 and momentum = 0.8.

¥ 1 - (.632+ error) estimates for each step of activation for different
algorithms:

0 1 2 3 4 5

lin svm 0.51 0.46 0.49 0.50 0.50 0.56

knn 0.60 0.61 0.60 0.63 0.60 0.62

rpart 0.46 0.46 0.46 0.46 0.50 0.52

#concepts 416 418 464 686 244 3
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Conclusions

What we have so far :

¥ spreading activation can improve clustering quality

¥ spreading activation can improve categorization

¥ inhibition makes improvement possible

What is in progress :

¥ prime vs non-prime error effect: P S < NS , P A < NA

¥ ÓpureÓ semantic vs associative priming (associative boosterror effect): P A < NA

primed/bottom-up non-primed/top-down

structural/semantic P S NS

cooccurrence/associative P A NA
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Thank You!
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1. Calculate baseline. 
2. Stress that simulations of spreading activation in an expert brain are main topic. 
3. Stress that categorization of smaller pieces of text is for disambiguation. 
4. New ways of teaching physicianÕs by showing clusters and sub-clusters of typical 

patient cases. 
5. Cluster analysis to find re-classify epilepsy syndromes (joint with Neurology). 
6. Categorization or clustering of PubMed query results for more efficient (joint 

with DAAP). 
7. Clarify goal and a way to achieve it. 
8. No comparison with existing methods. 
9. Not clear of novelty. 
10. What physicians think about results? 
11. Try one more time to make graphs more consistent. 


