
Term variation and semantics for document classification
and detection of obesity and its co-morbidities cases

Natalia Grabar1,2, PhD, Thierry Hamon3, PhD, Thierry Dart2, MD
1Centre de Recherche des Cordeliers, Université Pierre et Marie Curie - Paris6, UMR S 872, Paris, F-75006;
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3LIPN – UMR 7030, Université Paris 13 – CNRS, 99 av. J-B Clément, F-93430 Villetaneuse, France

Abstract

Within the translational medicine area, researchers
aim at connecting more closely medical knowledge
and individual patient data, in order to improve pa-
tient care quality. The 2008 I2B2 Obesity NLP chal-
lenge is to promote such research and to evaluate such
systems within the same framework. We participated at
this challenge. Our approach bets on use of semantics
and term variants. The results obtained by our system
are superior to the mean challenge results and seem to
be promising, although there is room for improvements
which we present and discuss in this paper.

Introduction

Recent developments in the medical area aim at con-
necting more directly scientific research and individ-
ual patient care. Thus, in the case of biomedical re-
search or drug development, the translational medicine
branch refers for instance to a better exploiting of the
patient clinical documents and taking into account var-
ious parameters, specific to patient cases and possibly
relevant for a given clinical case. Among these param-
eters let’s cite risk factors, co-morbidities, medicine
and chemicals, environment, etc. The very objective
of the translational medicine is to improve the quality
of individual health care.

The I2B2a (Informatics for Integrating Biology and the
Bedside) Center is organizing yearly NLP challenges
in order to propose common testbed for various tasks
related to translational medicine. The goal of these
challenges is to evaluate the participating systems on
their ability to recognize whether a clinical documents
(and the patient) is relevant to the questions asked. The
2008 NLP challenge is focused on the detection of
obesity and its co-morbidities: systems have to detect
who is obese and what co-morbidities they exhibit. An
additional difficulty is related to the fact whether these
co-morbidities are likely or definitely acquired. 28 sys-
tems, of which our system, participated at the Obesity
challenge. Our results are superior to the mean chal-
lenge results and several improvements are still possi-
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ble. In this paper, we describe our approach, compare
its efficiency to other systems and discuss them, and
point out some possible improvements.

Material

We used three types of material: discharge summaries
to be processed, terminologies for annotation of these
clinical documents and negation markers for definition
of the status (negative, positive) of annotations.

Discharge summaries and Gold standard
The challenge data consists of discharge summaries
from Partners Healthcare. They are written in En-
glish. All records have been fully de-identified.1 Obe-
sity and co-morbidities information have been marked
at a document level as present, absent, questionable,
or unmentioned in the documents. If a document is
not annotated by a pathology, it is non relevant for this
pathology. For each patient, both textual judgments,
i.e., what the text explicitly states about obesity and
co-morbidities, and intuitive judgments, i.e., what the
text implies about obesity and co-morbidities, are pro-
vided. A total of 1233 documents have been used in
this challenge, split into training and test sets. The
training set is composed of 730 discharge summaries
and the test set is composed of 507 discharge sum-
maries. All documents have been manually annotated
by two medical experts, and discussed until an agree-
ment is reached. Annotation provided by professionals
is the Gold standard used for evaluation of systems.

Terminologies
We used three types of resources for annotating dis-
charge summaries (a total of 114’448 entries): (1)
List of the 16 pathologies aimed in this challenge:
obesity and 15 co-morbidities (asthma, CAD, CHF,
depression, diabetes, GERD, gallstones, gout, hyper-
cholesterolemia, hypertension, hypertriglyceridemia,
OA, OSA, PVD and venous insufficiency). (2) 108’531
terms from six axes (A, D, F, M, P and T) of the
Snomed International.2 For these terms, each of them
is associated to its semantic type as defined by the
Snomed International. For instance, decreased thick-
ness and obstructive sleep apnea are Snomed terms
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Figure 1: General scheme of the approach.

belonging respectively to Morphology (M) and Diag-
nostics (D) axes. (3) List of 5’716 International Non-
proprietary Names (INNs) of medicine. They are ex-
tracted from the Thériaque resource.b Use of drug
names is motivated by the fact that the prescriptions
in discharge summaries are done with INNs. Each
INN is associated with its therapeutic class as defined
by Thériaque. For instance, Allopurinol is an antigout
drug.

Negation
For the detection of negation, our main source is the
NegEx resource available on-line.c Few additional
markers have been extracted from the discharge sum-
maries. Among these markers, pre and post-negation
is distinguished as well as diminishing markers which
decrease the scope of negation phrases. We use a total
of 179 markers.

Methods

Figure 1 presents the general scheme of our approach.
Five main steps are distinguished: preprocessing of
discharge summaries, indexing of documents, detec-
tion of negation, categorization of documents with
learning algorithms and voting of these algorithms.

Document preprocessing and indexing
The aim of preprocessing of clinical documents is to
index them with terminological resources and to detect

bwww.theriaque.org
cwww.dbmi.pitt.edu/chapman/NegEx.html

variants of their terms. We use the Ogmios platform,d

suitable for the processing of large amounts of data and
tunable to specialized areas. Through the platform, we
perform: (1) segmentation of documents into words
and sentences; (2) POS-tagging and lemmatization;3

(3) term tagging;e (4) detection of term variants.4

Steps 2 to 4 allow to detect noun phrases (possible
terms), to normalize them through the lemmatization
and variant detection and thus to index discharge sum-
maries. In this way, to each processed document is
associated a set of entities (challenge co-morbidities,
Snomed International terms, INNs and negation mark-
ers). These entities are sorted in chronological order
within sentences.

Detection of negation
Negation is detected within each sentence. The algo-
rithm is close enough to the one previously proposed:5

detected entities (terms and INNs) are characterized
by pre or post-negation markers. The scope of these
markers can be delimited by diminishing markers. In
this way, each indexing entity can have positive or neg-
ative status.

Categorization of documents
We use algorithms proposed by the WEKA6 platform.
We describe various sets of features used, the learning
algorithms exploited and models we decided to apply.

dhttp://search.cpan.org/∼thhamon/Alvis-NLPPlatform/
ehttp://search.cpan.org/∼thhamon/Alvis-TermTagger/
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Feature definition. Three sets of features are used.
They all are provided by the indexing step of the
method (no feature selection is performed):

T All the indexing terms (Weka algorithms use
4’165 of them) are taken into account for the gen-
eration of models. Values of attributes are the
states of terms depending on whether they occur
in positive (y) or negative (n) contexts, or whether
they don’t occur (0) at all within documents.

TS Instead of terms, their semantic types are taken
into account (440 attributes). In this case, value
of these attributes is numeric, it corresponds to
the frequency of semantic types (cumulated fre-
quencies of the corresponding terms).

TST In this set, we use medical terms (i2b2 categories
and Snomed International terms) and semantic
types (therapeutic classes) of INNs. This gives
us a total of 3’048 attributes. Values of term at-
tributes are their status (y, n, 0), values of seman-
tic types are their frequencies.

Learning algorithms. We take advantage of the
algorithms implemented within the Weka platform
and decide to use several of them. They belong to
four different families (names of algorithms are those
mentioned by Weka): trees (J48, REPTree and
RandomForest), bayes (NaiveBayes), functions
(SMO) and rules (OneR and DecisionTable). J48
algorithm, which is an implementation of the C4.5
classification algorithm,7 provides the decision trees,
which allow to perform their qualitative analysis.

Tested models. We distinguished five models for
classification of documents and their assignment to a
given category (in our approach, all the processed sum-
maries are analyzed by all these models):

y (yes model) tries to detect whether documents
should be annotated by a given co-morbidity. For
creation of this model, summaries with Y state-
ment are contrasted with the remaining docu-
ments.

n (no model) tries to detect whether documents
should be not annotated by a given co-morbidity.
Summaries with N statement are contrasted with
other documents

q (questionable model) tries to detect whether a pa-
tient state is questionable according to a given co-
morbidity. Summaries with Q statement are con-
trasted with other documents

i (irrelevant model) tries to detect whether docu-
ments should not be taken into account for a given
co-morbidity. Not annotated summaries are con-
trasted with all the annotated documents.

yn (yes/no model) tries to decide between Y and N
annotations.

Voting
Voting is performed at document level through two
steps: decision per algorithm and final decision for all
the algorithms used. During the first step, for each
document, we consider results provided by different
models of each algorithm. If document is classified by
only one model, this class, whatever it is, is recorded
for this document. If document is classified as both y
and n, the decision is made according to the yn model.
Otherwise, the document class selection in based on
the priority of models (y, n, q, i). During the voting
step, in the simplest case, the most frequent class pro-
vided by various algorithms, is recorded as the final
decision. If vote counts of y and n classes are equal
and if at least one algorithm classifies it as question-
able q, the analyzed document is classified q. If no
q class is found, the final decision is based on the yn
model and the ratio between y and n classes attributed.
If none of the algorithms provide classification, docu-
ment is classified as irrelevant i.

Evaluation
Evaluation of the results is performed by organizers of
the challenge according to three measures: precision,
recall and F-measure, in their micro and macro ver-
sions. Macro F-measure is the main measure for rating
the results of all the participating systems.

Results and Discussion

All the participants had three months for tuning their
systems for the Obesity challenge: time between the
release of training and test data. During the test step,
507 discharge summaries from the test set have been
processed through the Ogmios platform. We needed
for this 53 min 19 sec, which gives 6.3 secs per sum-
mary. Three runs have been submitted to the chal-
lenge: votingTST (medical terms and semantic types
for INNs with the voting of algorithms), votingT (all
the annotation entities (medical terms and INNs and
the voting of algorithms) and RepTreeT (all the an-
notation entities and classification by the RepTree al-
gorithm). These runs have been submitted to the in-
tuitive judgment evaluation: they all are provided by
machine learning algorithms and are likely to be based
on non explicit data. The second run votingT shows
our best results submitted. Surprisingly, the votingTST

run, which uses more extensively the semantic infor-
mation, showed lower results.

Table 1 presents performances of our system as com-
pared to results obtained by other systems during this
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MiP MaP MiR MaR MiF MaF
Our system 0.92 0.62 0.91 0.61 0.91 0.61
Mean 0.91 0.78 0.90 0.60 0.90 0.60
Std Dev 0.09 0.17 0.09 0.06 0.09 0.06

Table 1: All diseases, intuitive.
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Figure 2: Macro precision values by disease, intuitive.

challenge. As we noticed, three measures (precision,
recall and F-measure) are used in their micro and
macro versions. According to micro values, our sys-
tem shows performances slightly superior to the chal-
lenge mean performances. Situation is different when
analyzing macro values, especially for macro preci-
sion, although recall and F-measure are still slightly
superior to the mean performances. Thus, macro pre-
cision, which values have the most important standard
deviation, shows to be one of lowest with our sys-
tem. This means that some categories (diseases), with
a small number of discharge summaries, are difficult
to recognize: they have small effect on micro values,
but their effect is more important on macro values.
Since our macro F-measure still remains superior to
the mean challenge values, we assume this task was
difficult for other systems as well. As the macro pre-
cision is the weak point of our system, we will have a
closer look at our performances by disease.

Analysis of results by disease
Figure 2 presents performances obtained by our sys-
tem for each of the 16 co-morbidities. The horizon-
tal line corresponds to the mean macro precision of
the challenge, for all diseases and intuitive judgment.
For this illustration, we use the yn models. Four co-
morbidities (OSA, CAD, PVD and OA) show perfor-
mances inferior to the mean values. Distribution of
documents among the classes (in both training and test
sets) is homogeneous, therefore we assume the failures
are due to the content of documents and our ability

Figure 3: J48 decision tree for Gout.

to process it. Let’s analyze some decision trees built
by the J48 algorithm in order to get closer to what
we missed to detect. We cannot present and analyze
all the decision trees, thus we concentrate on two dis-
eases: gout as a good example of using the semantic
information, and OSA which has low macro precision.

The gout decision tree (figure 3) is composed of only
nine leaves, which appears to be sufficient for a suc-
cessful classification: macro precision (and other mea-
sures) are high for this disease. It is based on both
medical and drug information: diagnosis gout and two
drugs (Allopurinol and Colchicine) are involved. Both
drugs are antigout chemicals which explains their suit-
ability and successful use for this disease. The J48
trees present the decision information: according to
the attribute value (y, n, 0) each leave either allows to
make a decision (Y : annotate by the disease, N : do not
annotate by the disease), or introduces the further deci-
sion level. For instance, on figure 3, the first level says
that if Allopurinol drug appears in positive or negative
contexts, the patient is concerned with gout, otherwise
J48 must observe the attribute gout, etc.

Now, let’s analyze the OSA (obstructive sleep apnea)
decision tree (figure 4). It is composed of 11 leaves:
functions (sleep apnea, pain, apnea) and diagnoses
(OSA, obstructive sleep apnea). No relevant drug in-
formation is detected. Pain is a general medical term
and may be not the most relevant for this disease. The
remaining terms are directly related to the OSA co-
morbidity. We notice that the context (y, n) has not
always effect on the decision: positive and negative
status of OSA, obstructive sleep apnea and pain pro-
vide identical annotations. This may point out that ei-
ther negation is not correctly assigned to these terms
or these terms occurrence is important by itself. As for
the node apnea, its appearance in negative context or
its missing have the same effect on annotation (not as-
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Figure 4: J48 decision tree for OSA.

signment of OSA), and this seems to be medically rele-
vant. The main limitation of this decision tree remains
in the fact that lexical (and conceptual) extend of the
decision space is limited to apnea and its lexically sub-
sumed terms. We assume we failed to recognize other
relevant concepts to this disease.

Conclusion and Perspectives

In this paper, we described the system we used in the
2008 I2B2 Obesity challenge and analyzed some of the
results obtained. Through our system, designed and
created for this challenge, we aim at extracting and ex-
ploiting the linguistic and semantic information (term
variation and semantics, negation, ...). The global re-
sults obtained show to be slightly superior to the mean
challenge results. This leaves us room for a more deep
evaluation and improvement of our system. Thus we
will analyze why the semantic information does not
seem to be efficient for classification. We plan also to
perform a detailed evaluation of the negation detection
and possibly to extend the used set of negation mark-
ers. As noticed, we did not perform the feature se-
lection, while it can be interesting (through the use of
semantic information from terminologies or the statis-
tic selection algorithms). Otherwise, use of the Weka
platform may be relevant for designing the classifica-
tion system (our current situation); as for its further
development we plan to use other implementations of
the learning algorithms. This may be suitable for their
tuning and evaluation: within Weka only the micro
precision values are available. Finally, we will im-
plement more tools8 and resourcesfor the detection of

term variation and exploit the structure of the discharge
summaries. Another interest is concerned by the cer-
tainty statement within clinical literature.
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