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Abstract
Concept hierarchies are frequently used to simplify the retrieval of Clinical Practice Guidelines 

(CPGs).  However, CPGs need to be manually classified by physicians.  Automated systems based 
on supervised learning are not satisfying, since usually training sets are not provided or too small.

We propose and unsupervised model, referred to as TaxSOM, that supports the physician during the 
classification task, even when no labeled examples are available.  This model exploits lexical and 
topological information on the hierarchy to elaborate classification hypotheses for any given CPG.
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The Domain:
Clinical Practice Guidelines (CPGs)

� CPGs are increasingly common in clinical medicine for prescribing 
the rules that a physician should follow

� The interest is in accurate retrieval of CPGs at the point of care

� Concept hierarchies used to organize CPGs help the the
retrieval of CPGs

� The construction of concept hierarchies and the classification of 
CPGs  is usually done manually by physicians
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The System:
A Tool for the Management of GPGs

� The goal is a recommender system assisting physicians during 
both creation of hierarchies and classification of CPGs

� The system must suggest also when the concept hierarchy is built
from scratch, and no labeled CPGs are provided for training

� Supervised learning is not satisfying (especially during 
creation of hierarchy), since usually too few or no CPGs are 
provided as training set
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The Task:
Bootstrapping a Hierarchy

� When a training set is either too small or not available, 
recommendations can only be done with unsupervised models

� We refer this task to as bootstrapping

� While manufacturing the concept hierarchy, a physician inserts 
some prior knowledge that can be used to perform a preliminary 
classification:

� keywords used to label the concepts

� relationships between concepts

Unsupervised
Bootstrapping
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The QuIEW System
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Baseline Approach

Encoding

Organic Chem.

Alcohols

Anisoles

Cresols

Encoding

� � � � �� � � �
· partial encoding of relations
· subjectivityNearest reference vector 

indicates the winner class
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Phenols

� Organic Chem.
� Phenols

� Anisoles
� Cresols

� Alcohols

� ….

reference vectors are built through the encoding of all 
keywords in the current node and in all its ancestors
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The Clustering Perspective

� The problem can be seen with a clustering perspective

� We introduce clustering model constrained by topology that:

� exploits the terminological knowledge

� exploits the relational knowledge
� exploits the similarities between documents
� solve the “explanatory problem” (the reasons for a clustering result)

� The model is based on a revision of the Self Organizing Maps 
where the model adaptation has been constrained by the 
lexical and the relational knowledge
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Taxonomic Self Organizing Map (TaxSOM)

Encoding

Organic Chem.

Alcohols Phenols

Anisoles Cresols

� � � � � � �

Encoding

All reference vectors 
are updated with the 
new document
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� Organic Chem.
� Phenols

� Anisoles
� Cresols

� Alcohols

� ….

Nearest reference vector 
indicates the winner class
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Hierarchy used 
during learning
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Experimental Setup

� The experimental goal is to evaluate TaxSOM Vs Baseline for multi-
classification

� A classifier would recommend to the user a list of the most probable k 
classes for a document

� Experiments on eight sub-taxonomies of the two larger taxonomies

disease conditiondisease condition

diseasesdiseases

neoplasmsneoplasms

Pathological symptoms Pathological symptoms 
conditions signsconditions signs

System diseases nervousSystem diseases nervous

Virus diseasesVirus diseases

Treatment interventionTreatment intervention

therapeutic devices analyticaltherapeutic devices analytical
diagnostic techniquesdiagnostic techniques

diagnosisdiagnosis

surgical operative proceduressurgical operative procedures

therapeuticstherapeutics

amp drugs chemicalsamp drugs chemicals

Organic chemicalsOrganic chemicals
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diagnosis neoplasms
organic 

chemicals

pathological  
symptoms 

conditions signs

surgical 
operative 

procedures

system 
diseases 
nervous

therapeutics virus diseases

Max Tree Depth 7 8 9 8 5 7 6 6
Total Nodes in Tree 278 230 326 214 210 318 247 124
Total Docs in Tree 1248 501 367 516 396 606 929 432

Min Docs in a Node 0 0 0 0 0 0 0 0
Max Docs in a Node 20 20 20 20 16 20 20 20
Average Docs per Node 4,49 2,18 1,13 2,41 1,89 1,91 3,76 3,48

Min Words per Doc 52 66 40 563 582 587 571 704
Max Words per Doc 463 387 444 5132 5050 5726 6074 10599
Average Words per Doc 218 223 232 1633 1378 1573 1707 2261

Docs on Leaves 67% 63% 85% 62% 67% 66% 66% 61%
Percentage of Leaves 66% 55% 48% 62% 68% 56% 63% 52%

Empty Nodes 14% 23% 46% 21% 15% 25% 10% 30%
Empty Leaves 1% 3% 6% 4% 5% 9% 0% 0%
Empty Internals 39% 46% 84% 50% 35% 46% 26% 64%

Experimental Setup

� Selection Criteria:
� depth of the taxonomies:  5 to 9

� number of nodes:  100 to 300

� number of docs:  300 to 1200

� Preprocessing
� Stop words removal

� Feature selection with entropy (Vocabulary of 500 words)

� Binary representation
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Experimental Methodology

� For a given document the nodes are ranked according to a 
membership value computed by the “classifier”

� The expectation is that the nodes with the highest memberships 
are the most likely correct

� A document is correctly classified when all the first k 
recommended classes include the correct categories

� The multi-classification k-coverage precision is the percentage 
of correctly classified documents in the first k ranked classes
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Some results

baseline TaxSOM baseline TaxSOM baseline TaxSOM # docs

diagnosis 11,3 32,9 23,3 46,8 30,9 55,9 (28)

neoplasms 38,2 47,2 46,2 63,7 48,1 67,5 (23)

organic chemicals 60,7 73,1 71,0 80,0 79,3 81,4 (33)

pathol. sympt. 42,8 64,2 55,4 76,5 56,8 77,9 (21)

surgical op. 44,1 68,8 70,4 76,9 72,0 78,0 (21)

system diseases 26,1 53,5 38,9 71,2 50,0 79,6 (32)

therapeutics 23,9 52,5 39,2 69,0 40,9 73,4 (25)

virus diseases 27,5 58,0 48,9 72,5 30,5 59,0 (12)

disease condition 8,0 21,6 14,0 34,7 55,3 80,0 (283)

treatment intervention 3,9 11,2 5,9 20,0 38,3 57,0 (299)

k = 10 k = 20 k = 10%


