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Abstract. Obstructive sleep apnea (OSA) is a common sleep disorder, espe-
cially in middle-aged and obese patients. However, the diagnosis and treatment
of OSA is complex, particularly in patients with mild or moderate symptoms
and co-occurring medical problems. Furthermore, sleep disorders are intercon-
nected with diverse factors, such life style, shift work, and psychological prob-
lems. Case-based reasoning (CBR) is a natural approach in such a highly com-
plex domain. CBR allows for the retrieval and analysis of successful outcomes,
as well as, failures in the treatment. To address the complexity of the domain
knowledge, the authors applied a semio-fuzzy framework, an approach combin-
ing fuzzy logic and semiotics, in the development of a prototype CBR system.
The system has been implemented in an educational sleep disorders clinic to as-
sist respiratory students in the retrieval of prototypical cases, and has been par-
ticularly helpful in analysis of co-occurring medical problems and the treatment
process.

1 Introduction

The case-based reasoning (CBR) paradigm has been successfully used in various
medical fields, from lung disease, through cardiology, eating disorders, to diabetes
and Alzheimer’s disease [4,10,12]; nevertheless, a search of the sleep medicine litera-
ture has revealed only one example of CBR, used for sleep staging [11].Yet, in prac-
tice, the diagnosis and treatment of sleep disorders rely heavily on the analysis of
typical as well as exceptional cases. For many patients, the diagnosis of the common
disorder, such as insomnia, is relatively unproblematic, however, the non-
pharmaceutical treatment requires long-term psychological and life-style changes.
Furthermore, patients with mild or moderate symptoms, multiple sleep disorders, and
co-occurring medical problems require individualized diagnosis and specialized
treatment based on analysis of physiological, psychological, behavioral, and social
factors. In addition, sleep disorders often develop gradually — many patients initially
have mild symptoms or symptoms worsening periodically. In general, patients in



sleep disorder clinics vary from uncomplicated cases to diagnostic “gray” zones and
specialized cases with a long history of multiple diagnoses. Therefore, rule-based
reasoning may be successfully utilized for the diagnosis of a single sleep disorder;
however, the diagnosis and long-term treatment of more complicated cases would
benefit from case-based reasoning or an approach that combines both paradigms.

This paper concentrates on the use of CBR in the diagnosis and treatment of a spe-
cific sleep disorder called obstructive sleep apnea (OSA). We are particularly con-
cerned about patients with mild and moderate symptoms and with the co-occurrence
of other medical problems. In particular, we focus on female patients who require
individualized approach to diagnosis and treatment. The high variability among fe-
male patients, caused among many other factors by the menopausal changes, requires
a case-based approach.

To demonstrate the benefits of CBR in the diagnosis and treatment of OSA, the
authors developed a small prototype system, called Somnus, providing case storage
and retrieval for educational purposes in the Sleep Disorders Clinic at the University
College of the Cariboo (UCC). The Somnus system has been evaluated by students
from the Respiratory Therapy Program, who worked in the clinic during their practi-
cum.

The subsections 1.1, 1.2, and 1.3 provide a brief introduction to OSA and its diag-
nosis. The rest of the paper is organized as follows: Section 2 discusses the semio-
fuzzy framework used for the domain knowledge representation. Section 3 describes
the materials used for the construction of the system and the methods used for the
case structure and the database architecture. Section 4 gives examples of case re-
trieval. Section 5 discusses the implementation issues and the system evaluation. The
last section, Section 6, presents the conclusions and the directions for future work.

1.1 Obstructive Sleep Apnea (OSA)

Obstructive Sleep Apnea (OSA) is a common and serious respiratory disorder afflict-
ing approximately 4% of middle-aged men and 2% of middle-aged women. OSA is
caused by the collapsing of the soft tissues in the throat as the result of the natural
relaxation of the muscles during sleep. The soft tissue blocks the air passage and the
sleeping person literally stops breathing for 10 seconds or even 60 seconds. "Apnea"
means "without breath," and occurs only during sleep, a condition that may go unno-
ticed for years. OSA is associated with increased risk for hypertension, congestive
heart failure, coronary artery disease, and psychological disorders. Furthermore, sleep
deprivation, caused by OSA, leads to several social consequences, such as motor
vehicle accidents, poor job performance, job related injures, and, in general, a de-
creased quality of life [8].

1.2 The Diagnosis and Treatment of OSA

The gold standard for OSA diagnosis is an overnight in-laboratory polysomnography
(PSG) involving continuous recordings of EEG, ECG, EOG, EMG, airflow, breathing



effort, and oxygen saturation. However, PSG is a labor-intensive and costly test per-
formed in specialized sleep disorders clinics only [8]. In Canada, most provinces
have few clinics located in major cities, which limits significantly the access for pa-
tients from rural areas. Specifically, the province of British Columbia has five clinics
and the waiting period for PSG varies from several months to over a year.

On the other hand, there is a growing interest in diagnostic alternatives, such as
ambulatory home studies, clinical decision rules, and telemedicine. The UCC Sleep
Disorders Clinic uses a gradual approach to the diagnosis. First, the patient maintains
a sleep diary and answers sleep questionnaires. During the first visit, the students
perform clinical assessment and take patient’s medical history. Next, the patient un-
dergoes home overnight oximetry and, subsequently, respiratory monitoring. At this
point, the results are reviewed and the severe uncomplicated OSA cases are identified
for the trial treatment. The patients with milder symptoms and inconclusive results are
referred for full PSG studies and consultations with other clinics.

1.3  Gender Differences in the Diagnosis and Treatment of OSA

Although OSA is less frequent among women, insomnia, anxiety and depressive
disorders are more frequent in women than in men, in all age groups. The frequency
of insomnia is even greater in peri- and post-menopausal women. Studies of the mid-
dle aged population (45-55 years) [1] indicate that 29.8% of females suffer from in-
somnia as compared to 15.8% of males. In the female patients, OSA frequently coex-
ists with insomnia, which in turn is often a symptom of anxiety and depression [14].
Additionally, recent studies of over 6,000 participants indicate that women report
their sleep related symptoms differently than men [2]. For example, women are more
likely to report ‘tiredness’ than the ‘sleepiness.’

Therefore, the diagnosis and treatment of female OSA patients require a compre-
hensive approach and a careful analysis of each case. The following three factors must
be considered: (1) frequent co-occurrence of other problems, for example, insomnia
and depression, (2) hormonal status: pregnancy, lactation, monthly hormonal changes
and menopausal changes, (3) psychological and social issues influencing the patient’s
compliance with the treatment.

2 Domain Knowledge Representation

The OSA diagnostic process uses subjective and objective data of varied granularity,
uncertainty and precision. To address the diversity and complexity of data, the authors
used a framework combining the fuzzy logic approach for modelling of the case fea-
tures and the semiotic approach for the modelling of their measures. This combined
framework, called a semio-fuzzy approach, was initially introduced by the authors in a
paper presented at the NAFIPS 2004 conference [9]. This section describes briefly the
fuzzy logic and the semiotic representations using an example of one of the most
important symptoms of OSA — daytime sleepiness.



Fuzzy Logic. Since its introduction by Lotfi Zadeh in 1965 [15], fuzzy logic has
been used in several medical applications [3,6] and in case-based reasoning [7]. The
authors used two basic fuzzy concepts: linguistic variables for the representation of
features and fuzzy membership functions for the specification of normal and abnor-
mal sets. These two concepts are illustrated by the symptom of excessive daytime
sleepiness [5]. Sleepiness can be measured only indirectly using two types of meas-
ures: subjective and objective. The most often used measure is a subjective self-
administered questionnaire, the Epworth Sleepiness Scale (ESS), which is composed
of eight questions to measure the general level of sleepiness in terms of probability of
falling asleep during daytime activities, such as sitting and reading, sitting and talk-
ing, watching TV, driving a car. Each item has a response score between 0 and 3:
never-0, slight chance-1, moderate chance-2, and high chance-3. The maximum score
is 24. Typically, a score of 11 and above is recognized as ‘excessive’ daytime sleepi-
ness, and a score above 20 as ‘severe’ sleepiness.

The symptom of sleepiness is defined by the linguistic variable L:

L=<X, T(X), U M> (D

Where:
X is the name of the variable, X = Daytime Sleepiness,
T(X) is the set of possible terms (values) for sleepiness,
T(Daytime Sleepiness) = {normal, excessive, severe},
U is the universe of discourse, in this example, the ESS scale U = [0,24],
M is a set of membership functions defining the normal, excessive, and severe
SleepineSS: M= {D normals I excessives a severe }
The set of membership functions M is extended by the semiotic approach.

Semiotics. Semiotics, the study of signs [13], defines ‘sign’ as any entity carrying
some information and being used in a communication process. Since both the signs
and the communication are present in all sciences, the semiotic approach has been
used in almost all disciplines. The authors use the classical Peirce’s semiotic triangle:
object, representation, interpretant to represent feature (object), measure (representa-
tion), and diagnostic use of the measure in context of multiple factors (interpretant).
In our example, ‘sleepiness’ is considered as an object, the ESS questionnaire is used
as its representation, and the interpretation of the results for two population groups
(general, female) corresponds to the interpretant. Each population group has specific
membership functions for the normal, excessive, and severe sleepiness. The member-
ship functions for the female population are represented by Figure 1. The X-axis cor-
responds to ESS score and Y-axis corresponds to the membership degree. Since stud-
ies [2,14] indicate that females typically underreport their sleepiness on the ESS scale,
the threshold value for excessive sleepiness was lowered to 9 (from 11 for the general
population) and for the severe sleepiness lowered to 16 (from 20 for the general popu-
lation).
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Fig. 1. Membership functions for the female population

3 Materials and Methods

3.1 Materials: the Clinical Records

The clinical data were obtained from the UCC Sleep Disorders Clinic, a teaching
clinic providing training for students in the respiratory and polysomnography pro-
grams. The authors used 37 complete records of female patients diagnosed with OSA.
The patients were referred by family doctors, underwent the PSG or overnight home
study (e.g. oximetry, respiratory monitoring), and were diagnosed by a sleep special-
ist. The clinic maintains paper-based patient records. A typical complete record has
several pages, and includes: clinical pre-assessment, sleep and bed-partner question-
naires, sleep log, results from PSG and home studies, diagnosis, and history of treat-
ment. The data required for the prototype were manually extracted from the charts and
entered into the database.

3.2 Methods: Case Structure

The cases are generalized into prototype cases and exceptional cases. A case C is
defined by a set of feature-value pairs F, set of diagnoses D, set of treatments 7, and
an annotation A:

C=<F,D, T A> 2)



Features. The case features are classified into eight groups: demographic, anatomical,
physiological, life style, coexisting medical conditions, day time symptoms, nocturnal
symptoms, and respiratory disturbance measures (see Table 1).

Table 1. Features associated with Obstructive Sleep Apnea cases

Demographic Features Daytime symptoms
Age, Gender Excessive Daytime Sleepiness
Anatomical Features Non-restorative Sleep
Body Mass Index (BMI) kg/m’ Morning Fatigue, Headaches
Neck Circumference Morning Dry Mouth or Sore Throat
Crowding of Oropharynx Nocturnal symptoms
Physiological Features Snoring
Blood Pressure (BP), Heart Rate (HR) Snorting, Gasping, Chocking
Life Style Factors Observed Apneas
Sleep Hygiene Frequent Awakenings, Nocturia
Smoking, Alcohol and Drug Abuse Respiratory disturbance Measures
Coexisting Medical Conditions Respiratory Disturbance Index (RDI)
Hypertension, Depression, Diabetes, Apnea-hypopnea Index (AHI)
Asthma Desaturation Index (DI)

Diagnoses. Sleep diagnoses are grouped into three categories: (1) sleep disorders (e.g.
OSA, periodic limb movement disorder, insomnia, narcolepsy), (2) life style (e.g.
inadequate sleep hygiene, smoking, alcohol and drug abuse) and (3) related medical
problems (e.g. hypertension, depression, diabetes, obesity).

Treatments. The treatments are classified into five groups: (1) continuous positive
airway pressure (CPAP) therapy, (2) corrective surgery, (3) use of oral appliances, (4)
behavioral therapy, and (5) pharmacologic therapy. CPAP therapy is used for patients
with moderate to severe OSA. The type, size, and pressure for the mask are estab-
lished in a process called CPAP titrating. The behavioral therapy involves mainly the
weight loss and changes in sleep hygiene.

Annotations. The completed cases are annotated by the medical professionals. The
overall outcome and the patient’s compliance level are recorded.

3.3 Methods: Somnus System Architecture for the Domain Base and Case Base

The Somnus system is composed of two databases: (1) domain base and (2) case base,
illustrated respectively by Figure 2 and 3. The domain base represents the case fea-
tures as linguistic variables with corresponding representations and interpretant’s
membership functions. It uses three relational tables called Linguistic_Variable, Rep-
resentation, and Interpretant_MF (Figure 2). The case base is composed of three
types of cases: (1) prototypical, (2) exceptional and (3) individual.
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Fig. 2. Database schema for the domain base

The prototype cases (Prototype_Case table in Fig. 3) have 20 features correspond-
ing to 20 dimensions (only 4 dimensions are shown). The exceptional cases have
similar structure. The individual cases (Individual_Case table in Fig. 3) have 42 col-
umns in total (only 14 columns are shown). The data for the individual cased were
extracted from 37 records of female OSA patients. The prototype cases and excep-
tional cases were aggregated manually in consultation with the sleep specialist. Over-
all, Prototype_Case table has 20 records (prototype cases) and the Exception_Case
table (not shown) has 2 exceptional cases.

Star Schema for Prototype Cases
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Fig. 3. Schema for the case base (selected dimensions and columns)

4 Case Retrieval

The retrieval process is based on three levels of abstractions: crisp values, fuzzy val-
ues, and general concepts. These three approaches are illustrated by Example 1. The
retrieval interface uses SQL-like queries. The syntax of the queries is simplified to



illustrate the overall idea. Example 2 illustrates a fuzzification function used for the
interactive retrieval.

Example 1

Crisp Values. The user searches for the treatment history (text field) of individual
cases, in which the sleepiness has decreased by 5 points on ESS scale or the systolic
blood pressure has dropped by 40 mmHg. The following SQL query is used:

SELECT Tretment_history
FROM INDIVIDUAL_CASE
WHERE (ESS_Before — ESS_after > 5
OR Systolic_BP_Before — Systolic_BP_After > 40);

Fuzzy Values. The user searches for the prototype cases for obese patients (measured
by Body Mass Index) with excessive daytime sleepiness (measured by ESS and ‘bi-
ased’ for female subpopulation (interprentant)). The following SQL query is used:

SELECT ALL
FROM PROTOTYPE_CASE
WHERE fuzzy_search (‘BMI’, ‘obese’)
AND fuzzy_search (‘ESS’, ‘excessive’, ‘Interpretant’, ‘female’);

General Concepts. The user wants to analyze the types of instruments used for
measuring sleepiness. The following SQL query is used:

SELECT Instrument
FROM Representation R, Linguistic_Variable LV
WHERE LV.LV_Name = ‘sleepiness’ AND R.LV_ID =LV.LV_ID;

Example 2
Fuzzification Function. The following example illustrates the fuzzification of fea-
tures. A new undiagnosed case has the following crisp features F (a set of feature-
value pairs):

F = {(gender, female), (age, 45), (BMI, 39), (ESS,15)}
The user expands the search for similar diagnosed cases by using a fuzzification func-
tion, Fuzzy, which returns the following values:
Fuzzy (F) = {(gender, female), (age, middle), (BMI, obese), (ESS, excessive)}.

5 Implementation Issues and System Evaluation

Implementation issues can be grouped into three types: (1) representation of the case
features and their measures, (2) database modelling, and (3) interface design.

The representation process involved selection of diagnostic features and their op-
erationalization. The set of 20 features classified into 8 groups was established for this
implementation based on consultations with the sleep specialists and research in sleep



medicine literature. However, this is not a complete list of OSA features used in pre-
dictive models and, furthermore, this list should be standardized, using, for example,
SNOMED terminology. The other aspect of the features, the operationalization, was
very difficult to achieve for qualitative and subjective symptoms, such as excessive
daytime sleepiness or morning fatigue. Therefore, in order to develop the first proto-
type, the authors decided to use a limited number of the basic features and their pri-
mary measures only.

The database modelling involved the relational model for the domain knowledge,
and the multidimensional model (star schema) for the case representation. These two
databases were created using MS SQL Server 2000. The data warehouse approach to
case base was chosen for its rapid retrieval based on specific dimensions; however,
this approach remains to be tested for a larger number of dimensions and cases.

The user interface in the first prototype of the Somnus system is limited to SQL-
like statements providing a quick access to data; however, the use of the system is
restricted right now to a small group of users familiar with the database schema.

The existing retrieval process has been evaluated by five respiratory students and
two instructors. The evaluation involved functional testing and user feedback gained
from structured interviews. The functional testing used three types of queries: (1) a
search for cases based on fuzzy similarities, (2) a search for cases with a specific
diagnosis and treatment, and (3) an analysis of the treatment outcomes. Each student
evaluated two new cases (female patients). The students rated each query on a scale
from 3 to O: very useful (3), useful (2), somewhat useful (1), and not useful (0). Over-
all, the students created 25 different queries, most of them with one or two features
only. On average, students rated the results as useful. The highest rating was assigned
to queries searching for the coexisting medical conditions. The user feedback process
involved both the students and the instructors. All participants agreed that the explora-
tion of similar cases is beneficial to teaching and learning process, and the results
from “vague” queries helped them to analyze large “clusters” of patients. On the other
hand, most participants expressed a need for a “more user-friendly interface.”

6 Conclusions and Feature Work

In this paper, we discussed the importance of case-based reasoning in the diagnosis
and treatment of obstructive sleep apnea in a specific subpopulation - female patients
with multiple sleep disorders and coexisting medical problems. Furthermore, we de-
scribed a semio-fuzzy framework used to address the complexity of domain knowl-
edge and to support fuzzy-based retrieval.

We have constructed the first prototype of the Somnus system as proof of concept
that CBR is a useful framework for the diagnosis and treatment of sleep disorders.
Our experience with the system provided us with three insights. First, the CBR ap-
proach was helpful in the analysis of diverse OSA cases among the female population.
Second, the identification of features for OSA is complex since it involves diverse
definitions and clinical perspectives; however, the use of semio-fuzzy approach pro-
vided us with a uniform representation for quantitative and qualitative features and
subjective and objective measures. And third, the CBR approach reflects the nature of



an educational setting, in which the students study diagnosis and treatment on a case
by case basis. Therefore, even a limited prototype of a CBR system demonstrates that
such a tool is beneficial for training future health providers.

Currently, the Somnus prototype is limited to case retrieval; however, its function-
ality and interface will be significantly improved. Future research is planned for ex-
panding the work in four directions: (1) development of a conversational style inter-
face, (2) addition of new features and cases to the prototype database, (3) addition of
two functionalities - case adaptation and automation of the case storage, and (4)
evaluation of the system, using records from the University of British Columbia Sleep
Disorders Clinic.
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