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Abstract

Clinical notes provide a comprehensive and overall impression of the patient’s health. However, the automatic extraction of
information within these notes is challenging due to their narrative style. In this context, our goal was to identify clusters of
patients based on fourteen comorbidities related to obesity, automatically extracted with the cTAKES tool from the i2b2 Obesity
Challenge data. Furthermore, results were compared with clusters obtained from experts’ annotated data. The sparse K-means
algorithms were used in both experiment at two levels: at the first level, three clusters were found, and at the second, new clusters
were found by applying the same algorithm to each of the clusters from the former level. The results show that three types of
clusters could be identified based on the number of comorbidities and the percentage of patients suffering from them. Diabetes,
hypercholesterolemia, atherosclerotic cardiovascular diseases, congestive heart failure, obstructive sleep apnea, and depression
were the diseases with the highest weights contributing to the cluster distribution.

Keywords Obesity - Clinical notes - cTAKES - Cluster analysis

Introduction

Patients’ information, including diseases, symptoms, treat-
ments, drugs, etc., can be derived from clinical notes such as
discharge summaries. These documents have a narrative for-
mat, which allows the health professional to write in a flexible
manner. The notes contain local dialectal phrases, negations,
acronyms, abbreviations, misspellings and typing errors,
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which combined, make it difficult to automatically extract
patients’ information from them [1, 2].

Manual extraction of patient information is carried out by
experts, and is laborious and time-consuming. Even automatic
extraction is extremely difficult because the information
sought is hidden within significant amounts of data residing
in clinical notes [2]. The process of getting structured medical
information requires extracting named entities or concepts and
then mapping them to codes according to controlled vocabu-
lary or medical standards [1]. Two standards used to map
biomedical concepts are the Unified Medical Language
System (UMLS) [3] and the Systematized Nomenclature of
Medicine - Clinical Terms (SNOMED-CT) [4]. Clinical fea-
tures, such as comorbidities (simultaneous presence of two
diseases or conditions in a patient) related to a specific disease,
are important features and are at the root of other tasks such as
cluster analysis.

In the medical field, cluster analysis helps in identifying
and tailoring treatment or care delivery, defining boundaries
and disease taxonomies, understanding the heterogeneity of
the disease, identifying subsets of patients with similar char-
acteristics, identifying relevant pathophysiologies, etc. [5—8].
Many authors have applied cluster analysis to various condi-
tions, such as obstructive sleep apnea [9-11], asthma [6, 12],
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knee osteoarthritis [8], chronic heart failure [13], and chronic
obstructive pulmonary diseases [5].

Overweight and obesity are a global health problem that is
becoming an epidemic in both children and adults [14].
Obesity is often accompanied by other health risks or comor-
bidities such as diabetes, dyslipidemia, hypertension, cardio-
vascular diseases, asthma and osteoarthritis. [15—-17].

Cluster analysis studies that take into account diseases re-
lated to obesity include that by Sutherland et al. [18], which
identified clusters of patients suffering from obesity and asth-
ma simultaneously. Laing et al. [19] analyzed the relationship
between obesity and atherosclerosis, while LaGrotte et al. [20]
focused on patients with obstructive sleep apnea, obesity, and
excessive daytime sleepiness.

Notwithstanding the presence of multiple comorbidities in
obesity patients, most of the related works focus on analyzing
the relationship between 2 comorbidities instead of 14.
Furthermore, all the features in the above works were collect-
ed manually or from structured EHR data despite the signifi-
cant amount of information inside clinical notes. The motiva-
tion for this work was therefore to apply cluster analysis to
obesity comorbidities in order to gain insights into the differ-
ent types of obesity patients that can exist according to the
number of comorbidities they have.

Based on the above explanation, the goal of our work is to
identify clusters of obesity patients based on obesity comor-
bidities extracted from clinical notes automatically. In addi-
tion, a cluster analysis based on the comorbidities annotated
by experts from the same dataset was developed in order to
allow a comparison with the cluster analysis result from the
extracted data. The i2b2 (Informatics for Integrating Biology
to the Bedside) Obesity Challenge data was used.

Materials and methods

In this section, we will describe the dataset used and the pro-
cess for expert annotation and automatic extraction. We will
also explain the cluster analysis.

Dataset

We used the 12b2 2008 Obesity dataset. This dataset consists
of 1237 discharge summaries of overweight and diabetic pa-
tients [21]. The documents in the dataset contain expert anno-
tations that classify 15 obesity comorbidities as present, ab-
sent, questionable or unmentioned [21]. Table 1, column 1,
shows the 14 comorbidities (known as diseases hereinafter)
used. Hypertriglyceridemia does not have sufficient samples,
and was therefore excluded. Out of 1237 summaries, 412
summaries which had obesity and at least one of the 14 dis-
eases were selected. The last preselection was made to avoid
samples with 0 in all the columns, because in the dataset
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obtained with the automatic extraction, there were some cases
where the patients showed obesity without another comorbid-
ity. Also, in this work, we wanted to keep the same patients
that were selected in our previous work [22].

Experts’ annotation and automatic entity extraction

In our previous work [22], the cTAKES and MetaMap tools
were compared in the extraction process of 14 obesity comor-
bidities. Also, experts’ textual annotations were used as a gold
standard. The comorbidities were treated as dichotomy vari-
ables or features (values of 0 or 1, respectively depicting the
non-existence or existence of the disease in discharge summa-
ries). The results showed cTAKES slightly outperforming
MetaMap. In this work, therefore, we decided to use the re-
sults obtained with cTAKES, together with the expert annota-
tions to identify clusters of obesity patients. These results also
consider an aggregation process and some semantics types.
Table 1 shows the expert annotations and the cTAKES results.
The average for recall, precision and F-score are 0.91, 0.89,
and 0.89, respectively. More details of the extraction and ag-
gregation processes are given in [22].

Cluster analysis

Sparse K-means clustering developed by [23] was chosen to
conduct two experiments: a cluster analysis using the automat-
ic extracted data and a cluster analysis using the experts’ an-
notated data. The sparse K-means has the advantage of
allowing an accurate identification of the groups and provid-
ing interpretable results following the identification of the
most relevant clustering features [23]. This algorithm assigns
a weight to each disease (used as features by the algorithm),
with the diseases that contribute the most to a cluster having
the highest values. Before using sparse K-means, we applied
gap statistics [24] to estimate the number of clusters. Cluster
analysis was performed at two levels in both experiments: in
the data extracted and in the annotated data. At the first level,
sparse K-means was applied to all 412 patients, resulting in
three clusters. At the second level, the same algorithm was
applied to each of the three clusters of the first level. The
second level gave us a total of 11 clusters. Fig. 1 shows their
distribution and the cluster equivalence between both
experiments.

Results

In this section, we will detail the results of the cluster analysis.
Fig. 1 shows the distribution of the clusters of both experi-
ments, along with the correspondence between the clusters
according to the highest percentage of patients suffering from
a disease.
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Table 1 Diseases annotated by

experts and extracted with Diseases Experts’ annotation cTAKES Extraction Evaluation
MetaMap
Np @ %™ NP % Recall Precision F-score

Hypertension 325 79 340 83 0.99 0.95 0.97
Diabetes 259 63 266 65 0.92 0.89 0.91
CAD 181 44 205 50 0.92 0.81 0.87
CHF 172 42 183 44 0.92 0.86 0.89
HCL 172 42 146 35 0.81 0.96 0.88
OSA 127 31 102 25 0.76 0.94 0.84
OA 87 21 61 15 0.67 0.95 0.78
Depression 83 20 116 28 0.99 0.71 0.82
Asthma 81 20 92 22 1.00 0.88 0.94
GERD 76 18 85 20 0.99 0.88 0.93
CCY 74 18 68 17 0.89 0.97 0.93
Gout 56 14 58 14 0.98 0.95 0.96
PVD 37 9 32 0.84 0.97 0.90
VI 21 5 30 7 1 0.7 0.824
Evaluation Results Average: 091 0.89 0.89

Reategui R, Ratte S (2018) Comparison of MetaMap and cTAKES for entity extraction in clinical notes. BMC
medical informatics and decision making 18 (Suppl 3):74. doi:https://doi.org/10.1186/s12911-018-0654-2

) Number and percentage of patients with the disease

CAD: atherosclerotic cardiovascular diseases; CHF: congestive heart failure; HCL: hypercholesterolemia; OSA:
obstructive sleep apnea; OA: osteoarthritis; GERD: gastroesophageal reflux disease; CCY: cholecystectomy;
PVD: peripheral vascular disease; VI: venous insufficiency

Cluster analysis with extracted data

The first level had 3 clusters (See Table 2), and the discases
with the highest weights were hypercholesterolemia and dia-
betes. These clusters had the following characteristics: EC1
had 159 patients, all of them had diabetes, and 79% had hy-
pertension. A moderate percentage had CAD (52%) and CHF
(43%). There were no patients with hypercholesterolemia.
EC2 had 107 patients, 80% had hypertension, and a moderate
percentage had CHF (38%). There were no patients with dia-
betes and hypercholesterolemia. EC3 had 146 patients, all of
them had hypercholesterolemia, 88% had hypertension, 73%
had diabetes, 66% had CAD, and a moderate percentage had
CHF (51%). In these big groups, it is easy identify obese
patients with hypertension, diabetes and without hypercholes-
terolemia (EC1), obese patients with hypertension and with-
out diabetes and hypercholesterolemia (EC2), and obese pa-
tients with hypertension, diabetes, CAD, and hypercholester-
olemia (EC3). Other diseases are present in moderate and low
rates.

At the second level from EC1, 3 clusters were obtained:
ECI1.1, EC1.2, and EC1.3. The diseases with the highest
weights were CAD and depression. From EC2, 4 clusters were
obtained: EC2.1, EC2.2, EC2.3 and EC2.4. The diseases with
the highest weights were CHF and OSA. From EC3, 4 clusters
were obtained: EC3.1, EC3.2, EC3.3 and EC3.4. The diseases

with the highest weights were CAD and CHF. Table 3 shows
the results at the second level.

Cluster analysis with annotated data

A cluster analysis using the experts’ annotated data was car-
ried out to compare the results obtained with the automatic
extracted data. As in the above experiment, the first level had
3 clusters, AC1, AC2, and AC3. The diseases with the highest
weights were hypercholesterolemia and diabetes. These new
clusters compared with the clusters from the extracted data (at
the first level) show a small difference in the percentage of the
patients suffering from a specific disease. See Table 2 for more
details.

At the second level from AC1, 3 clusters were obtained:
ACI1.1, ACI1.2, and AC1.3. The diseases with the highest
weights were CAD and OSA. From AC2, 4 clusters were
obtained: AC2.1, AC2.2, AC2.3 and AC2.4. The diseases
with the highest weights were hypertension and OSA. From
AC3, 4 clusters were obtained: AC3.1, AC3.2, AC3.3 and
AC3.4. The diseases with the highest weights were CAD
and CHF. The difference between these new clusters and those
obtained with the extracted data lies in the fact that with the
new ones, we have a new distribution of clusters AC1 based
on OSA diseases and of clusters AC2 based on hypertension
diseases. Table 4 shows the results at the second level.
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Fig. 1 Cluster analysis by levels. The numbers in parentheses are the patients in each cluster. EC cluster are from the extracted data and AC clusters from

annotated data

Cluster classification

Based on an observation of the clusters, and considering the
number of diseases (comorbidities) and the percentage of pa-
tients with them, three types of comorbidities were identified:

High comorbidity: Occurs when a cluster has one of the fol-
lowing characteristics: (1) Three or more diseases with a high
percentage of patients (67% to 100%); (2) Two diseases with a
high percentage of patients (67% to 100%) and one or more
diseases, with 33% to 66% of the patients suffering from them.

Table 2 Clusters from the first level
DISEASES CLUSTERS WITH EXTRACTED DATA CLUSTERS WITH ANNOTATED DATA
NUM PATIENTS DW ECI1 (HC) EC2(MC) EC3(HC) NUM PATIENTS DW ACI (HC) AC2(MC) AC3(HC)

Hypertension 340 0,00 79 80 88 325 0,00 73 72 87
Diabetes 266 0,23 100 0 73 259 0,23 100 0 72
CAD 205 0,00 52 25 66 181 0,00 45 17 59
CHF 183 0,00 43 38 51 172 0,00 44 34 45
HCL 146 0,97 0 0 100 172 0,97 0 0 100
OSA 102 0,00 24 29 23 127 0,00 30 42 24
OA 61 0,00 9 20 17 87 0,00 11 30 23
Depression 116 0,00 32 24 27 83 0,00 28 20 14
Asthma 92 0,00 18 30 22 81 0,00 17 27 17
GERD 85 0,00 17 20 25 76 0,00 14 16 23
CCY 68 0,00 13 21 17 74 0,00 14 22 19
Gout 58 0,00 15 14 13 56 0,00 15 14 12
PVD 32 0,00 11 2 9 37 0,00 13 6 8
VI 30 0,00 6 7 8 21 0,00 3 5 7
Patients per Cluster 159 107 146 135 105 172

The cluster results are represented in percentages according to the number of patients in each group

The Disease Weights (DW) show the weights that sparse K-means assigns to each disease

Bold numbers are the highest values

HC: High Comorbidity; MC: Medium Comorbidity

CAD: atherosclerotic cardiovascular diseases; CHF: congestive heart failure; HCL: hypercholesterolemia; OSA: obstructive sleep apnea; OA: osteoar-
thritis; GERD: gastroesophageal reflux disease; CCY: cholecystectomy; PVD: peripheral vascular disease; VI: venous insufficiency

@ Springer
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Table 3  Clusters from the second level with extracted data
DISEASES DW ECI.1 ECl2 ECI3 DW EC21 EC22 EC23 EC24 DW EC3.1 EC32 EC33 EC34
(HO) (HC) MC) (HO) (HC) (LC) (HO) (HC) (HO) (HC) (HC)

Hypertension 0,01 86 72 78 0,00 93 93 73 71 0,00 80 93 90 97
Diabetes 0,00 100 100 100 0,00 0 0 0 0 0,00 76 69 75 73
CAD 0,61 55 100 0 0,00 29 37 22 12 0,46 100 100 0 0
CHF 0,05 37 59 31 0,97 100 100 0 0 0,89 100 0 100 0
HCL 0,00 0 0 0 0,00 0 0 0 0 0,00 100 100 100 100
OSA 0,01 31 20 20 0,23 100 0 0 100 0,00 26 17 30 20
OA 0,01 8 15 6 0,00 21 19 27 0 0,00 13 17 30 17
Depression 0,79 100 0 0 0,00 36 33 10 41 0,00 20 43 20 20
Asthma 0,00 18 19 17 0,00 43 33 27 24 0,00 24 21 20 20
GERD 0,02 27 11 13 0,00 29 15 22 12 0,00 26 19 35 27
CCY 0,00 18 9 13 0,00 0 41 14 24 0,00 17 21 10 17
Gout 0,01 22 13 11 0,00 29 19 10 6 0,00 22 5 10 10
PVD 001 4 19 9 0,00 0 2 0 0,00 11 12 5 3
VI 0,00 2 7 9 0,00 21 7 2 12 0,00 9 2 15 10
Patients per Cluster 51 54 54 14 27 49 17 54 42 20 30

The cluster results are represented in percentages according to the number of patients in each group

The Disease Weights (DW) show the weights that sparse K-means assigns to each disease

Bold numbers are the highest values

HC: High Comorbidity; MC: Medium Comorbidity; LC: Low Comorbidity

CAD: atherosclerotic cardiovascular diseases; CHF: congestive heart failure; HCL: hypercholesterolemia; OSA: obstructive sleep apnea; OA: osteoar-
thritis; GERD: gastroesophageal reflux disease; CCY: cholecystectomy; PVD: peripheral vascular disease; VI: venous insufficiency

e Medium comorbidity: Occurs when a cluster has one of
the following characteristics: (1) Two diseases with a high
percentage of patients (67% to 100%); (2) One disease
with a high percentage of patients (67% to 100%) and
one or more diseases, with 33% to 66% of patients suffer-
ing from them.

* Low comorbidity: Occurs when a cluster has one of the
following characteristics: (1) One disease with a high per-
centage of patients (67% to 100%); (2) One or more dis-
eases in the 33% to 66% range or between 0% to 32%

Given the above explanations, and considering the clusters
obtained with the extracted data, at the first level, EC1 and
EC3 have a high comorbidity, and EC2 has a medium
comorbidity.

At the second level, EC1.1 and EC1.2 have a high comor-
bidity, and EC1.3 has a medium comorbidity; EC2.1 has a
high comorbidity, EC2.2 and EC2.4 have high comorbidity,
and EC2.3 has a low comorbidity, and EC3.1, EC3.2, EC3.3,
and EC3.4 have a high comorbidity.

Considering the clusters obtained with the annotated data,
at the first level, AC1 and AC3 have a high comorbidity, and
AC2 has a medium comorbidity. At the second level, AC1.2
and AC1.3 have a high comorbidity, and AC1.1 has a medium
comorbidity; AC2.2 has a high comorbidity, AC2.1 and
AC2.3 have medium comorbidity, and AC2.4 has a low

comorbidity; AC3.1, AC3.2, AC3.3, and AC3.4 have a high
comorbidity.

Discussion

To get a medical interpretation of the clusters obtained with
the extracted data, two physicians were asked to express their
opinion about Table 2 and Table 3. They provided the com-
ments below. Fig. 2 shows the diseases with a high percentage
of patients in each sub-cluster.

Considering the percentage of patients with a comorbidity,
hypertension, diabetes, CAD, CHF, HCL and OSA have the
highest values. These results agree with previous works, such
as[14, 15, 25], which show the common comorbidities related
to obesity and overweight people.

In cluster EC1, all patients have diabetes. Also, all EC3
incorporate more than 70% of diabetic patients. Although
the experiment does not detail the type of diabetes, we could
mention the high association of type 2 diabetes with obesity.
More than 80% of cases of type 2 diabetes can be attributed to
obesity that causes insulin resistance, and ultimately, hyper-
glycemia [26]. Although metformin (one of the drugs most
commonly used in the treatment of type 2 diabetes) causes
weight reduction, some drugs used in type 2 diabetes can
cause moderate increases in weight [27].

@ Springer
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Table 4 Clusters from the second level with annotated data

DISEASES DW ACl.1 ACl2 ACI3 DW AC21 AC22 AC23 AC24 DW AC3.1 AC32 AC33 AC34
(MC) (HO) (HC) MC) (HC) MC) (LC) (HC) (HC) (HC) (HC)
Hypertension 0,04 64 70 88 023 0 100 100 0 0,00 96 90 78 82
Diabetes 0,00 100 100 100 0,00 0 0 0 0 0,00 60 64 920 75
CAD 0,64 O 100 34 0,00 8 6 22 31 0,23 100 0 100 0
CHF 0,05 32 60 39 0,00 54 26 44 6 097 O 0 100 100
HCL 0,00 0 0 0 0,00 0 0 0 0 0,00 100 100 100 100
OSA 0,76 0 0 100 0,97 100 100 0 0 0,00 19 14 33 36
OA 001 6 11 17 0,00 54 26 24 38 0,00 21 26 18 32
Depression 0,02 26 21 39 0,00 31 35 11 6 0,00 11 12 14 21
Asthma 0,03 11 11 32 0,00 15 32 24 31 0,00 6 24 20 25
GERD 0,04 15 2 27 0,00 31 16 13 13 0,00 17 31 24 21
CCY 0,01 19 11 12 0,00 15 13 29 25 0,00 19 19 27 4
Gout 0,00 11 17 17 0,00 23 19 13 0 0,00 6 10 22 11
PVD 0,05 2 28 0,00 0 0 7 19 0,00 8 7 10 7
VI 0,00 2 2 0,00 15 6 0 0,00 2 10 6 14
Patients per Cluster 47 47 41 13 31 45 16 53 42 49 28

The cluster results are represented in percentages according to the number of patients in each group

The Disease Weights (DW) show the weights that sparse K-means assigns to each disease

Bold numbers are the highest values

HC: High Comorbidity; MC: Medium Comorbidity; LC: Low Comorbidity

CAD: atherosclerotic cardiovascular diseases; CHF: congestive heart failure; HCL: hypercholesterolemia; OSA: obstructive sleep apnea; OA: osteoar-
thritis; GERD: gastroesophageal reflux disease; CCY: cholecystectomy; PVD: peripheral vascular disease; VI: venous insufficiency

In cluster EC2, all the patients do not have diabetes and
HCL. This cluster has the highest percentage (29%) of patients
with OSA. OSA is a disorder that occurs during sleep, in
which the patient experiences repetitive episodes of apnea
(stops breathing) or a reduction of airflow due to an obstruc-
tion of the upper airway. Obesity is the most potent risk factor
in the development of OSA, and its relative risk increases as
the body mass index (BMI) increases [28]. In EC2.1 and
EC2.4, all the patients have OSA with comorbidities such as
hypertension and CHF. These diseases, among others, were
identified as comorbidities in OSA patients in the work of [9].
The prevalence of cardiovascular risk factors such as hyper-
tension and type 2 diabetes is substantially higher in patients
with OSA. OSA is a clear risk factor for cardiovascular events,
although it is not entirely clear whether it is due to its high
association with obesity and other coexisting factors [29].
This could explain why not all patients with OSA are present
in this cluster, while 24% and 23% of OSA patients are in EC1
and EC3, which have patients with other OSA comorbidities
such as diabetes and CAD. Also, EC2 has the highest percent-
age of hypertensive patients (80%); this can be explained by
the fact that hypertension is independently associated with
OSA.

In EC3, we find 100% of patients with HCL. Furthermore,
this cluster has the highest percentage of patients with hyper-
tension and CAD. The risk of CAD is higher in obese people.

@ Springer

Most experts attribute part of this relationship to the coexis-
tence of risk factors, although the American Heart Association
considers obesity as an independent risk factor for CAD [14].
In the same cluster, for example, 88% of patients have hyper-
tension, 73% have diabetes, and 100% have HCL. These are
precisely the main risk factors for CAD that usually exist in
patients with obesity. Previous works [30, 31] showed that
diabetes, hypertension, hypercholesterolemia, etc., are related
to CAD patients, and these diseases are present in our clusters
as well. It is important to note that the sub-clusters EC3.1,
EC3.2, and EC1.2 include patients a high percentage of whom
have three or more comorbidities. These clusters have a high
percentage of patients (over 50%) with at least two of the
mentioned risk factors. This reinforces the theory that the re-
lationship between obesity and CAD is mainly due to the
coexistence of many acting morbidities as risk factors for car-
diovascular events.

This study also allows us to see how a pathology behaves
in the different clusters. With respect to CHF and obesity
patients, [13] found 4 clusters with phenotypes related to these
diseases. Some important comorbidities they identified are
hypertension, diabetes, hyperlipidemia, etc. Our clusters
(EC2.1, EC2.3, EC3.1) show the presence of the same comor-
bidities as well.

In EC2.3, no patient has diabetes, CHF, HCL, OSA, and a
low percentage have CAD and other diseases. This cluster
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EC1.1 (51)
Diabetes
Depression
Hypertension

EC1.3 (54)
Diabetes
Hypertension

EC1.2 (54)
Diabetes
CAD
Hypertension

EC3.1 (54)
HCL
CHF
CAD

Hypertension

Diabetes

EC3.2 (42)
HCL
CAD

Hypertension

Diabetes

EC3 (146)

EC2 (107)
EC2.3 (49)

Hypertension

EC2.1 (14)
CHF
OSA

Hypertension

EC2.2 (27)
CHF
Hypertension

EC24 (17)
OSA
Hypertension

EC3.3 (20)
HCL
CHF

Hypertension

Diabetes

EC3.4 (30)
HCL
Hypertension
Diabetes

Fig. 2 Diseases with a high percentage (67 to 100%) of patients in each sub-cluster

give us an idea of the multifactorial and multimorbid character
generally associated with obesity. We can say this the health-
iest group with the lowest mortality risk diseases. In medicine,
the term “metabolically healthy obese” is used to refer to
obese patients who do not have cardio-metabolic abnormali-
ties associated with adipocytes. Studies have shown that these
patients have an increased risk of mortality compared to nor-
mal weight and metabolically healthy individuals [32]. As
well, the patients in that cluster could have lived with a risk
factor for a short time period (e.g., few overweight years); they
could also be patients with low BMI. One hypothesis that
could be further explored is that this group seems to contain
patients who have been suffering from obesity for a few years
or whose BMI is not too high (overweight or low-grade obe-
sity). The present study does not have sufficient data to test
such a hypothesis.

Another case to analyze is depression. There are diverse
opinions respecting the association of obesity with depression.
For example, [33] suggests that depression is associated with
severe obesity, especially among young women that have a
poor body image. A prospective study by [34] indicates that
obesity increases the risk of depression, but that the inverse is
not true, that is, depression does not appear to increase the risk
of gaining weight. On the other hand, a meta-analysis of 15
prospective observational studies published in 2010 similarly
shows that the risk of developing depression among obese
patients and among depressed patients is the same; in other

words, having either one of these pathologies predisposes a
patient to the other [35]. This may account for 20% (83 pa-
tients in the annotated data) of the 412 patients considered in
the present work having depression. In cluster EC1.1, all the
patients have depression, while in EC2.1, EC2.2, EC2.4, and
EC3.2, only a moderate percentage of them presents this
disease.

Asthma is present among a moderate percentage of patients
in EC2.1, EC2.2. The relationship between depression and
asthma was addressed in a meta-analysis of 8 prospective
studies published by [36]. This meta-analysis establishes that
the risk of developing asthma increases by 43% among pa-
tients who have depression as compared to those who do not,
although asthma does not appear to increase the risk of
depression.

Conclusion and future work

Considering 14 obesity comorbidities, clustering analysis at 2
levels was applied. The first level provides a general idea of
the prevalent diseases afflicting obesity patients, as well as the
type of comorbidity (HC and MC) they have. At the second
level, groups of patients were identified, with more details
provided about their comorbidities. Most of the clusters pres-
ent a high comorbidity with common diseases mentioned by
experts in the literature.

@ Springer
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Furthermore, despite the differences in the weights
assigned to diseases in the second level, the extracted and
annotated data present some equivalence in the clusters found
in both experiments. This shows that the automatic extraction
of medical entities and cluster analysis allow to discover
groups of patients with similar characteristics. These clusters
help doctors to gain insights into the variety of patient pheno-
typing characterizing a disease such as obesity.

The present work has some limitations that should be cov-
ered in future studies. For example, 14 obesity comorbidities
based on the Obesity Challenge promoted by i2b2 were used,
but other diseases present in the discharge summaries could be
considered. Moreover, this work did not distinguish between
diabetes types, as mentioned above; knowing which patients
have type 2 DM can help physicians confirm the relationship
between obesity and this disease.
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