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Abstract - Obstructive apnea (OSA) may be a common, but severely under-diagnosed disorder that affects the natural
breathing cycle during roll in the hay periods of reduced respiration or no airflow in the least. As a first step towards the
goal, we explore whether a limited subset of the physiological signs used in traditional OSA diagnosis, together with
automatic classification, may be used to detect apnea occurrences in this study. We examine the effects of five data mining
algorithms in classifying epochs of data from the PhysioNet Apnea-ECG and MIT-BIH datasets as interrupted or normal
breathing. This research focuses on respiratory signals from the nose, abdomen, and chest, as well as oxygen saturation.
We calculate the accuracy, sensitivity, specificity, and Kappa statistics of classification with data mining algorithms for
any combination of these signals. With a collection of respiration data from both the chest and nose as input data, we
reach an accuracy of 96.6 percent for Apnea-ECG, and an accuracy of more than 90 percent for other signal
combinations. Surprisingly, these good results may also be obtained using the basic KNN approach. Because of noise,
lesser size, and some class imbalance, the findings for MIT-BIH are lower.
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1. INTRODUCTION

Sleep apnea is a serious sleep disorder that disrupts the natural respiration during sleep, resulting in periods of reduced or no
airflow. Obstructive Sleep Apnea (OSA) occurs when the airway becomes physically obstructed, resulting in a reduction or
complete cessation of air passage. When normal airflow is disrupted, oxygen saturation drops, and the brain forces an awakening
in order to resume normal breathing. The sufferer is unlikely to recall the frequent awakenings. With such disrupted sleep, the
person may never fall asleep, resulting in sleep disturbances and fatigue.

To be able to record data at residence without the assistance of personnel, the data must be simple to record, even for those
without a high level of technical knowledge. Because it is important for patients to be comfortable while sleeping, the signals must
be recorded without limiting patient movements during the night. As a result, we exclude EEG, ECG, EMG, and EOG, and
instead concentrate on respiratory signal generated from the Respiratory Inductance Plethysmography (RIP) belt on the chest (C)
and abdomen (A), as well as sensors that evaluate nasal airflow (N) and oxygen saturation (O). We evaluate four major data
mining techniques to determine whether data mining can define iterations of data as either distorted or normal breathing using
such signals and their configurations with sufficient accuracy, sensitivity, and specificity. We hope to discover some baselines by
using these basic data mining algorithms and only slightly pre-processed data sets for training and validation, assuming that
advanced data pre-processing and data mining algorithms will yield even better outcomes.

Method

The main objective of our research is to assess the performance obtained by employing one of the five candidate data mining
algorithms on every possible combination of the four signal types: C,A,O, and N. This chapter defines the inputs used, the signal
types, the parameterization of our classifiers, and the analysis methods.

Databases

Our research is based on the PhysioNet databases Apnea-ECG and MITBIH. Those were the only two datasets with enough data
for the signal types we're interested in, as well as annotations with sufficient level of detail. The recordings are derived from
clinical PSG and are being used in a variety of related works. Two studies served as the foundation for the Apnea-ECG dataset.
The first study (1993-1995) looked into he effect of OSA on arterial blood pressure in subjects with moderate and severe sleep
apnea.
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For our evaluation, we use Matlab versionR2017a (9.2.0.556344), which has reliable implementations of all five classifiers.
Preliminary experiments are carried out to identify hyper-parameters that can be safely fixed during experimentation, either

because they clearly yield superior performance or because varying the hyper-parameter has no effect on performance at all. In the
latter case, we employ.

Classifiers

We evaluate classifiers with various algorithmic properties to see how these properties affect performance, including classifiers
that have been used successfully in related work. It should be noted, however, that most related works perform extraction of
features and signal processing on the signal prior to data mining, which we should not do. In related works, the second most
prominent data mining methods are ANN and SVM. We include both methods in our evaluations because they produce good
results, with an accuracy of more than 90% for epoch classification and100% for differentiating between apneic and non-apneic
subjects. Both are black-box methods with eager learners that can be increased to data sets where linear separation is not possible.

2. CLASSIFIER PARAMETERIZATION

For our evaluation, we use Matlab versionR2017a (9.2.0.556344), which has reliable implementations of all five classifiers.
Preliminary experiments are carried out to identify hyper-parameters that can be safely fixed during experimentation, either
because they clearly yield superior performance or because varying the hyper-parameter has no effect on performance at all. In the
latter case, we employ.

3. EVALUATION METHOD

We assess how well the classifiers distinguish between normal breathing epochs and disrupted breathing epochs. To assess each
classifier's generalization power, we employ a tenfold cross-validation scheme. A single partition serves as a test set, while the
remaining nine partitions are used for training. We compare all possible combinations of signals available in a given database. For
Apnea-ECG, this yields 15 signal combinations. Since Because MIT-BIH lacks records that capture respiration from both the
chest and the abdomen at the same time, only 11 signal combinations are matched from this database.

For all combinations of classification models and signals, we use 3 different performance metrics: accuracy, sensitivity, and
specificity, and compute the Kappa statistic. Furthermore, we obtain scheduling measurements for both the training and testing
phases. The number of correctly classified objects is measured in terms of the total number of classified objects, whereas
sensitivity measures the quantity of actual positives that are correctly classified as such, and specificity measures the proportion of
actual negatives that are correctly identifier

Comparing Classifiers

In both the Apnea-ECG and MIT-BIH databases, the classifiers produce similar results for the majority of signal combinations.
This is evident in the fact that the majority of classifiers are linked by a horizontal line, indicating that there are few substantial
distinctions between them. However, there is one crucial difference: RF100 yields a significantly higher accuracy than DT in
Apnea ECG. RF furthermore ranks the highest in both databases.

Training And Classification Times

Although real-time analysis is not required for patient-friendly sleep monitoring, the classifiers chosen can be used in an on-line
analysis and monitoring setting as well. As a result, comparing the strategies in terms of classification time is intriguing. It's worth
noting that the classification time is affected by the inclusion of four eager learners and one slow learner (KNN).Table 3 shows
that thetraining of all ten models complete within two minutes in all cases, which is well within what is acceptable. This results in
higher training times for Apnea-ECG.
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Total time spent training ten models (seconds) Total time spent testing on ten folds (seconds)
Apnea-ECG:
Sigmalis) | ANN-30 | S5VM-3 | KNN-5 DT | RF-1iW ANN-3 | SWM-3 | KNN-3 DT | RF-1ia
C 7.533 4.362 0.555 5516 G26TY 0085 0.233 1.297 | 0018 2065
A 5.049 1529 0.139 3964 51.339 0.076 0.121 0.E6l | 0017 2031
N 5.422 2421 0. 100 5.202 49638 0.077 0.124 0664 | 0017 1999
5] 14.291 166D [EE] 1.574 X769 0.07% 11086 066 | 0017 1. 960
CA 5.532 3710 0.139 5332 TO.532 0078 0179 1973 | 0018 2024
CN 6.521 3.372 0.112 9653 G610 0075 0182 1968 | 0019 2.101
Coy 14.790 2634 0.079 5.730 50.301 0080 0.141 1975 | 0.019 2.002
AN 5.303 3.206 0078 7.746 GE_A07 0.07% 0.162 002 | 0.019 10E]
A 13.949 21515 [INiE] 4.710 46.024 0.075 0.137 1994 | 0.019 1.974
Ny 12.540 21435 .04 6306 51.850 0078 0,130 2054 | O.0O1E 2.001
CAN 5.755 4690 O.OER | 11467 B7.372 0082 0.240 3215 | 0.020 108
CAD 14.273 4047 XN 8456 64972 008D 012000 3195 | 0195 2018
CNO 12.507 3849 g | 110103 T2.580 [N 0.201 3202 | 0.020 2081
AR 12645 4.103 [ENLI]] 7106 67123 0080 0.216 31355 [ 0020 2037
CAND 3510 5481 0,139 | 12.950 79524 0082 0.309 4.33% | 0,020 2013
MIT-BIH:
Sigmal{s) | ANN-30 | SVM-3 | KNN-5 DT RF-50 ANN-50 | SWM-3 | KNN-5 DT RF-50
C 2716 2315 0.330 1.114 10,087 0018 .08 0.172 | 0.038 0.930
A 3.372 0317 0.0/2 1.132 10,338 0081 0.046 0094 | 0.025 0.952
N 5.028 17.264 0.0EY 5R16 61769 0081 0620 1.16]1 | 0.025 1.333
4] 2779 0.429 0079 0.795 8927 0.075 0.031 0051 | 0,013 0918
CN 374 0763 0.077 1.762 15.574 0.077 0050 0164 | 0.014 (0.5
Coy 2467 0111 0073 0.339 2313 0.071 0.011 0.017 | 0,010 0845
AN 3.290 0.953 0.0E4 2113 14.474 0.07% 0.05% 0171 | 0.014 0.9
AL 2.TES 0.393 0.078 1.206 5036 0076 0.031 0066 | 0013 (.54
WO 2850 0.524 0.0a1 2960 10490 0081 0.037 0083 | 0,014 0.914
CHO 2407 0108 0.074 0255 2671 0070 0.011 0018 | 0,013 0354
AND 2.TED 0.437 D.0E] 1.714 0_RIE 0.071 0.036 0096 | 0.014 0.9y

TABLE 1 Training and testing times for the best-performing classifier parametrizations in seconds

The amount of time the classifiers spend classifying individual epochs of data is referred to as testing time. As a result,
determining their suitability for online analysis is a critical requirement. In MIT-BIH, we notice that RF has the fastest test times
for all signal combinations, and in Apnea-ECG, it has the fastest test times for practically all one- and two-signal combinations.
KNN has the fastest testing times for three and four signals in Apnea-ECG. The impact of the number of included signals on
testing time, as well as the impact of the number of included epochs on testing time, is both examined.

5. CONCLUSIONS

The research provided in this publication is a first step toward our long-term aim of reducing the number of people who aren't
identified with OSA and shortening the time it takes for them to get a clinical diagnosis. The primary concept is to allow people to
collect physiological signals while sleeping at home and then analyses the data via data mining and determine whether a visit to
the MD is recommended. The findings described in this publication and in permitted us to participate in a big clinical trial at the
University of Oslo that is now collecting sleep monitoring data from a population of roughly 50 patients with variousdegrees of
OSA using the Nox T3 and the Flow sensor. This This data collection and preparation is still being worked on, and a full analysis
of which data mining techniques should be utilized to obtain good classification performance will be done in the future.
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