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Abstract: Sleep apnea is a common sleep disorder with potentially serious health consequences.
Identifying risk factors for sleep apnea is crucial for early detection and effective management. Tra-
ditionally, this has been achieved through statistical methods such as Pearson’s and Spearman’s
correlation analysis, which examine relationships between individual variables and sleep apnea.
However, these methods often miss complex, nonlinear patterns and interactions among multiple
factors. In this study, we applied contrast set mining to identify patterns in attribute-value pair com-
binations (contrast sets) in the Sleep Heart Health Study database that differentiate between groups
with varying levels of sleep apnea severity. Our findings reveal that males and individuals aged 60
to 80 exhibit a higher risk of sleep apnea, with a confidence exceeding 75%. Moreover, male patients
diagnosed with second-degree obesity, defined as a body mass index (BMI) between 35 and 39.9
kg/m2, show an elevated risk of severe apnea, with a lift of over 2.23, support over 16%, and confi-
dence around 80%. In contrast, female patients with a BMI within the normal range (18-25 kg/m?2)
demonstrate a lower risk of sleep apnea, with a lift of 2.36, support of 17%, and confidence exceeding
90%. Contrast set mining helps uncover meaningful rules within subgroups that traditional meth-
ods, such as Pearson’s or Spearman’s correlation analysis, might overlook. Future research will fo-
cus on developing sleep apnea screening models based on these identified contrast set rules.
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1. Introduction

This paper presents an approach for contrast set mining technique that might be
meaningful in identifying sleep apnea patients. Contrast set mining can be defined as
finding population subgroups that are statistically interesting (as large as possible and
have the most unusual distributional characteristics) with respect to the property of inter-
est [1]. Instead of defining an optimal measure for automated subgroup search and selec-
tion, the goal is to support the expert in performing flexible and effective search of a broad
range of optimal solutions. Contrast set mining has been applied to uncover
distinguishing characteristics of two groups of brain stoke patients [2], or to early detect
atherosclerotic coronary heart disease [1]. In this study, contrast set mining is first used to
explore sleep apnea risk factors.

The problem of sleep apnea detection is one of the hot topics for sleep health research
due to it high prevalence and is still on the rise [3]. Previous studies on sleep apnea have
primarily focused on epidemiological data using statistical tests, prevalence rates, and
summary figures [4-7]. Few have explored feature combinations for detection. Machine
learning solved the problem by enabling fast, accurate prediction using combination of
multiple demographic factors [8,9]. However, improving model interpretability remains
a challenge. Traditional methods, such as feature ranking and correlation analysis (e.g.,
Pearson, Spearman), highlight individual feature importance but fail to show how
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features interact when combined together. In this study, contrast set mining is employed
to reveal how demographic features combine for sleep apnea detection, supported by sta-
tistical evidence.

The contribution of this study is as follow:

e  We designed a data mining pipeline based on the contrast set mining algorithm in-
stead of traditional statistical methods. Different from correlation analysis or linear
regression, our method allows the identification of associations that only manifest
when the metrics are within certain value ranges.

e The data mining pipeline generates interesting rules and hypotheses that may help
inform the design of future studies to deepen our understanding of the relationships
between sleep and risk factors.

e  The extracted rules are highly interpretable and can effectively guide data visualiza-
tion efforts.

2. Materials and Methods
2.1. Dataset

The Sleep Heart Health Study (SHHS) dataset [10,11] is a key resource in sleep re-
search, aimed at investigating the relationship between sleep-disordered breathing and
cardiovascular disease. Collected from over 6000 participants across the U.S,, it includes
comprehensive polysomnographic and demographic data. The dataset is stored in the
shhs-harmonized-dataset-0.21.0.csv file, encompassing both demographic and sleep ap-
nea severity data.

2.2. Data Preparation

In this study, risk factors including age, body mass index, arousal index, gender, race,
ethnicity, smoking status (current and past), systolic and diastolic blood pressure were
utilized for contrast set mining. Most of the data used in this study is demographic and
can be easily collected during a patient’s clinic visit. Additionally, the arousal index, which
measures the average number of arousals during sleep, is included. This data can be con-
veniently gathered using modern smart devices such as smartphones or smartwatches,
making it accessible in both clinical and home settings.

Discrete variables such as gender and smoking status were maintained in their orig-
inal categorical form. Continuous variables were discretized into subgroups, either fol-
lowing established clinical guidelines (e.g., BMI, systolic and diastolic blood pressure) or
using user-defined thresholds (e.g., age, arousal index), to meet the requirements of con-
trast set mining, which operates on distinct subpopulations for analysis and comparison.
Table 1 provides a summary of the data utilized in this study from both SHHS1 and
SHHS?2 datasets after preparation steps.

Table 1. Contrast set rules associated with normal people (Apnea-hypopnea index <5 e/h).

Contrast Set Rules Sleep APnea Lift Support Confidence

Severity (%) (%)
Arousal index=>[0, 20) BMI=>normal Age=>(40, 60] Normal 3.05 14.13 90.29
Arousal index=>[0, 20) BMI=>normal BP_categories=>Normal Normal 2.88 11.74 88.33
Arousal index=>[0, 20) BMI=>normal Ever_smoker=>no Normal 2.51 12.64 88.89
Arousal index=>[0, 20) BMI=>normal Gender=>female Normal 236  17.00 95.40
Arousal index=>[0, 20) BMI=>normal Normal 2.27 14.15 89.74
Arousal index=>[0, 20) Age=>(40, 60] BP_categories=>Normal Normal 221  14.29 90.30
Arousal index=>[0, 20) Age=>(40, 60] BMI=>overweight Normal 209 11.65 88.05
Gender=>female BMI=>normal Ever_smoker=>no Normal 2.13 13.29 79.29
BMI=>normal Ever_smoker=>yes Gender=>female Normal 213 13.29 79.29
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The dataset is predominantly composed of individuals identified as “White” and
“Not Hispanic or Latino” (at 85.57% and 95.39% respectively). To minimize bias during
contrast set discovery, we opted to retain only the majority group and excluded minority
groups from the analysis. This approach helps to reduce skewed results due to unequal
group representation.

2.3. Contrast Set Mining

The goal of contrast set mining is to identify rules that highlight meaningful differ-
ences between groups, defined by metrics such as support, confidence, and lift. The
STUCCO algorithm (Search and Testing for Understandable Consistent Contrasts) [12],
introduced in the foundational contrast set mining study, facilitates the interpretation of
large datasets by uncovering statistically significant contrasts across subpopulations.

Contrast set mining generates logical rules that consist of antecedents (input
conditions) on the left-hand side and a consequent (outcome) on the right-hand side. For
a given dataset D, let Y'={Y1, Y2, ..., Y} represent a set of consequents, and X = {X1, Xz, ...
, Xn} represent a set of antecedents, which may contain one or more attributes. The quality
of these rules is evaluated using several metrics:

e  Support: This is the proportion of instances in D that contain both X1UY1. It reflects
how frequently the rule occurs in the dataset.

e  Confidence: This is the proportion of instances with X1 that also exhibit Y1, indicating
the predictive power of the rule.

e  Lift: Lift measures the strength of the association, with values greater than 1 indicat-
ing a positive association between antecedents and consequents.

e The output is expected to have the following format: (X1 AND X2) — Y1

To ensure interpretability and avoid overfitting, long rules with numerous anteced-
ents are often discouraged. In this study, rule length was limited to four features, as longer
rules may become difficult to interpret and can lead to redundancy. A contrast set is con-
sidered valid if it meets the following criteria: support > 10%, confidence > 75%, and lift >
2.

Once the contrast sets are generated, rules that share similar attributes are grouped
together to enhance interpretability. This grouping enables a clearer understanding of
how different combinations of features contribute to the detection or classification process,
as showed in Tables 1 and 2.

Table 2. Contrast set rules associated with severe apnea patients (Apnea-hypopnea index > 30 e/h).

Sleep Apnea Support Confidence

Rul Lif
Contrast Set Rules Severity ift %) (%)

I=>cl -

Current_smoker=>no Gender => male 511:;[, class 2 obe Age=>(60, 70] Severe apnea 2.94 16.51 77.78
BMI => class 2 obe-

Current_smoker=>no Gender => male sity class 2 obe Severe apnea 2.23  19.25 80.72
=> -

Current_smoker=>no Gender => male ZI:;III class 1 obe Age=>(70,80] Severe apnea 2.24  16.28 82.35

3. Results and Discussion

In contrast set mining, an increase in the number of rule components typically results
in more rules. However, complex rules with numerous elements are harder to interpret,
so this study limits rule length to four components or fewer. Most rules focus on distin-
guishing severe and normal sleep apnea against other groups.

Regarding the normal group, among the rule components in Table 1, the arousal in-
dex is the most frequent, which aligns with prior research. Sleep apnea episodes disrupt
sleep continuity, causing frequent arousals, particularly in severe cases, highlighting the
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importance of the arousal index in sleep apnea detection. The contrast sets reveal that
when the arousal index is below 20 events/h and BMI is within the normal range, it is
typically associated with a healthy population. Adding the age factor (within 40-60 years)
increases confidence to over 90%, with support of 14.1% and a lift of 3.05. Combining
arousal index, BML, and blood pressure slightly reduces these indicators, suggesting age
has more influence than blood pressure. Additionally, the female gender contributes sig-
nificantly to the normal population, with higher support and confidence but a lower lift
due to the larger size of the female group compared to the 40-60 age group.

In the severe sleep apnea group, factors such as male gender, age over 60, and a BMI
above 30 (indicative of obesity) were key determinants. Most rules associating male sex or
class 2 obesity with severe apnea demonstrated confidence levels exceeding 75% which
consisten with perivous studies [3,13,14]. While smoking status appeared frequently in
the rules presented in Table 2, this reflects the dataset’s non-smoker majority rather than
a causal relationship. Smoking is not a well-established risk factor for obstructive sleep
apnea (OSA) and its presence in the rules should not be misinterpreted as influencing OSA
risk [6].

The advantage of contrast set mining is that it not only clarifies causal relationships
but also simplifies data visualization. By identifying small subgroups with statistically
significant differences, contrast set mining allows for focused analysis of key groups
without extensive effort. This method enables quick identification of variations within the
dataset, which can be effectively illustrated with simple visual aids, as demonstrated in
Figure 1. Using contrast set rules as a guide enhances both the interpretation and visual
representation of complex data patterns.

a . j
80 = Normal: 17.38%
70  Mild: 38.37%
60 B Moderate: 27.36%
50 Emm Severe: 16.9%

Xopul |esnouy
8 8

N
=l

10

/ Contrast set rule applied:
/ * Arousalindex =>[0,20) AND BMI =>normal AND age => (40,60]
/ » Target: Normal people

mmm Normal: 47.81%
mm Mild: 44.73%

BN Moderate: 6.94%
mmm Severe: 0.51%

[
"o ®

Xopul 1esnoly
5K

o«

H O




Eng. Proc. 2024, 5, x FOR PEER REVIEW 5 of 6

Figure 1. illustration of the discovery of a smaller group within the dataset with unusual distribu-
tional characteristics compared to the whole group distribution.

Figure 1 illustrates the visualization of the first contrast set from Table 1. In Figure 1a,
the overall distribution of more than 5000 subjects based on arousal index, BMI, and age
shows overlapping severity levels, making it difficult to discern specific patterns. The pie
chart shows a relatively balanced distribution of sleep apnea severity levels, with the Mild
group comprising 38.37% and the Severe group the smallest at 16.9%. However, when an-
alyzing specific components within the contrast set, a significant shift in group percent-
ages is observed. In this context, the Severe group represents a noticeable low percentage
(under 1%), with over 93% of subjects classified as either normal or mild. Furthermore,
individuals aged 40-60, presenting with normal BMI and low arousal, exhibit a notably
reduced risk of developing moderate or severe sleep apnea.

4. Conclusions

In this study, we demonstrated the efficacy of contrast set mining in identifying
associations between sleep apnea and its associated risk factors. The derived rules align
with previous findings, providing partial validation of the method’s reliability. A key
advantage of contrast set mining is its capacity to elucidate the relationships between sleep
apnea and multiple risk factors simultaneously, as opposed to relying on pairwise
comparisons such as Pearson or Spearman correlation coefficients. However, this
advantage comes with the caveat that computational complexity may increase
significantly when considering a large number of risk factors. Additionally, utilizing
contrast set rules facilitates enhanced interpretation and visual representation of intricate
data patterns.

Despite its advantages, contrast set mining has certain limitations. Firstly, it is a
method of descriptive rule induction that identifies specific characteristics of the dataset
under investigation. The statistical indices employed to derive these rules may not ade-
quately represent a broader population. Secondly, as the length of the rules increases, the
quantity of generated rules can also rise, leading to potential duplication. Therefore, a
post-processing method is essential to eliminate redundant rules and retain only the most
significant and meaningful ones. Thirdly, the algorithm necessitates that data be seg-
mented into specific groups. This segmentation is straightforward for categorical data or
data with established standards, such as BMI and blood pressure. However, for data lack-
ing standardized measures, such as the arousal index, segmentation relies on the subjec-
tive judgment of the user. Consequently, the output can vary significantly based on the
chosen segmentation method. Thus, there is a critical need to develop algorithms that op-
timize data segmentation in such contexts.
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