
Sleep apnea syndrome diagnosis by analysis of the cardiac interbeatRR time series*P.A. Absil, *R. Sepulchre, yA. Bilge and yR. Poirrier*Institut d'�electricit�e Monte�ore B28, Universit�e de Li�ege, 4000 Li�ege Sart Tilman, Belgium.email: sepulchre@monte�ore.ulg.ac.be. Fax: +32-4-366 29 89yCentre Hospitalier Universitaire, Li�ege, Belgium.Abstract-An automatic tool is proposed to helpclinicians in the diagnosis of sleep apnea syndrome.The method uses an elementary signal processing ofthe heart interbeat RR time series, o�ering the pos-sibility of screening the pathology on the basis of aportable and inexpensive device that can be used atthe patient's home.RR: cardiac interbeat interval; SAS: SleepApnea Syndrome; AIM: absolute irregularitymeasure; RIM: relative irregularity measure;ECG: electrocardiogram; EEG: electroencephalo-gram; CPAP: Continuous Positive Airway PressureI. IntroductionSleep apnea syndrome | in which the usual com-plaints are daytime sleepiness, loud snoring, and rest-less sleep | is believed to a�ect a signi�cant percent-age of the population (4%). With the introductionof nasal Continuous Positive Airway Pressure as ane�ective treatment, the demand for costly polysomno-graphic diagnosis is steadily increasing. For that rea-son, there is a growing interest among clinicians for aportable device that could be used at home and con-stitute a reliable screening method.Such a screening tool is the analysis of the RRtime series, which provide the heart interbeat intervalsbetween QRS complexes and can be easily recorded(24 hours Holter recording1). The signi�cance of theHolter resides in a characteristic pattern of sinus ar-rhythmia associated with apnea: extended bradycar-dia followed by abrupt tachycardia.[4] Such apnea pat-terns are illustrated on Figure 1. Bradycardia corre-sponds to increased interbeat intervals (higher valuesin the RR series) while the sudden tachycardia cor-respond to an abrupt transition to shorter interbeatintervals (abrupt drop in the RR series). Except forpatients with abnormalities of the autonomic nervous1Our data comes from an Oxford Holter recording systemMR 4500P and the signal was digitized at 128 samples/sec byan Oxford analyser Medilog 4500.

system, there is thus a one-to-one correspondence be-tween the number of such patterns in the RR timeseries and the number of apnea cycles. Despite thisstrong correlation, to our knowledge no reliable auto-matic tool has emerged for the sleep apnea syndromediagnosis based on the analysis of the RR time series.
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Figure 1: Apnea patterns in the RR series of a patientsu�ering from SAS. i labels the number of the heartbeat, and RR is the beat duration in seconds.One reason for the lack of such tools is that thecharacteristic patterns on Figure 1 have to be de-tected among many other irregularities, arising fromthe natural heartbeat variability of healthy patients(see Figure 4) or various other phenomena (e.g. ex-trasystoles, recording failures...). Another and moreimportant reason is that current RR analysis methodsused for SAS diagnosis [6] are based on software toolsused by cardiologists to study the heart rate variabil-ity (for instance, in order to evaluate the risk of sud-den cardiac death after myocardial infarction). Heartrate variability is classically studied by a frequency do-main analysis of the RR series over 24 hours (after atime-consuming pre-treatment of the signal in orderto remove artefacts).[10] More recently, the RR timeseries analysis has also attracted an increasing numberof physicists and various variability indices have beende�ned based on tools of statistical and dynamical sys-



tems analysis.[11]Obvious mathematical arguments | e.g. the factthat the irregular patterns caused by apnea are farfrom stationary| suggest that the tools used for heartrate variability analysis are not suitable for SAS diag-nosis. This is con�rmed by a number of validationstudies (e.g. [7]).In this paper, we propose an automatic tool focusedon the detection of apnea patterns in the RR timeseries. An elementary signal processing of the (raw)original RR time series is used to enhance the e�ect ofapnea patterns while smoothing other irregularities.An automatic \counting" of the patterns then pro-vides a cumulated graph of the detected apneas overthe night and the evolution of the frequency of apneasover periods of 15 minutes. Such information can bedirectly interpreted by clinicians and allows for inter-active use as opposed to usual heart-rate variabilityindices. The preliminary validation that we have per-formed on clinical data suggests that the proposed ap-proach is highly reliable in establishing the diagnosisof sleep apnea syndrome.II. Construction of an auxiliary signalThe analysis of the RR time series must detect thecharacteristic apnea pattern illustrated in Figure 1among a variety of random-like variations due to nor-mal heart rate variability, extrasystoles, or recordingfailures. To make this task easier, we �rst generatea new time series which acts as an apnea detector bymagnifying the apnea peaks and smoothing down allthe rest.The new signal s[i] is obtained by an elementaryconvolution operation:s = RR � c (1)where RR[i] is the interbeat time series, and \�"stands for the discrete convolution operation, i.e.(a � b)[i] = +1Xk=�1 a[k]b[i� k] = +1Xk=�1 a[i� k]b[k]: (2)The signal c[i], which we shall refer to as the \con-volution key", is de�ned byc[i] =8<: �1 if 0 � i � � � 11 if � � i � 2� � 10 elsewhere : (3)where the width � is a design parameter (see Figure 2)�xed to � = 10 throughout the paper.The design of the convolution key is driven by theidea of \matched �lter" in telecommunications. Foroptimal detection, we should have chosen a key withthe same shape as the apnea patterns in the RR series.Unfortunately, apnea patterns tend to exhibit a large

diversity, not only between two di�erent patients, butalso (although less dramatically) between successiveoccurrences in the same RR series. The usual trade-o�between the selectivity of the �lter and its robustnessdictated the simple choice that has been retained.
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Figure 2: The convolution key c[i] with � = 10.Figures 4 and 3 show the e�ect of the convolution onrespectively a healthy and an SAS-su�ering patient. InFigure 3, the convoluted signal s[i] is smoother thanthe original signal RR[i], and it is centered at zero.The number of peaks of s[i] is equal to the numberof apnea patterns of RR[i], the height of the peaksdepending on the intensity of the transition betweenslow rate and fast rate. In Figure 4, the signal s[i] isalso smoother than RR[i] and centered around zero,but the peaks are lower and less regular.
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Figure 3: Above: sample of the RR series of a patientshowing hard SAS. Lower: signal s = RR � c.III. \Grand peaks" and their timedistribution functionWe call grand peak each positive peak in s[i] whoseheight h is greater than a value htrig (we shall usuallychoose htrig around 1) and whose width l is greater orequal to a value ltrig (we have chosen ltrig = 12). We
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Figure 4: Above: sample of the RR series of a healthypatient. Lower: signal s = RR � c.rely on the correspondance between grand peaks in s[i]and apnea patterns in RR[i], i.e., each apnea patternin RR[i] will cause a grand peak in s[i] provided thepattern is su�ciently strong, and grand peaks are un-likely to occur in the absence of apnea pattern inRR[i].Hence, by counting the grand peaks, one counts theapnea patterns. For instance, on Figure 3, we count11 apnea patterns in RR[i] and 11 grand peaks in s[i](the very �rst peak corresponds to a pattern occuringjust before starting the plot). Only one grand peak isdetected (with an amplitude of 1.5) in Figure 4. Thispeak is not caused by an apnea pattern but by a re-sembling irregularity of the (normal) RR signal.We then de�ne the time distribution function ofgrand peaks, which we will call F (t), such thatF (t) = number of grand peaks detected betweentime t and the beginning of the recording.From the grand peak distribution function F (t), wederive a local frequency graph. It provides the grandpeaks frequencies calculated on a 15 minutes basisthroughout the record.To each 15 minutes portion, we associate an absoluteirregularity measure (AIM) and a relative irregularitymeasure (RIM) de�ned asAIM = �(1=Ti) (4)RIM = �(1=Ti)=(local frequency) (5)where Ti gives the time (measured in hours) betweentwo grand peaks, and local frequency (expressed in Ap-nea Per Hour) is the frequency of grand peaks as mea-sured on the 15 minutes interval. The symbol � standsfor standard deviation, evaluated on the 15 minutesinterval. IV. ResultsThe results of our analysis are displayed by using acumulated graph and a \local frequencies graph" (seeFigures 5, 6 and 7).
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APNE2    − Cumulated graph, h_trig = 0.8, l_trig = 12
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Figure 5: Cumulated graph and local frequenciesgraph for patient A su�ering from sleep apneas.A. Cumulated graphThe upper graph, called cumulated graph, displaysthe distribution function F (t). The title provides thename of the patient as well as the values of htrig andltrig (see Section III.). The X-axis indicates the timein hours (0 stands for midnight), and the Y-axis givesthe number of grand peaks detected up to that time.This graph shows some very typical features for apatient su�ering from SAS (Figure 5):� The slope is very regular over the night, ex-cept for the very beginning (the patient was notasleep yet) and two small periods of time duringthe night (it is likely that the patient was awakeduring that time).� The magnitude of the curve is high, which meansthat many grand peaks, and thus many SAS-likepatterns, have been detected.� The curve is very smooth at small scale, whichmeans that the apnea patterns occur very reg-ularly in time. This helps to distinguish be-tween true SAS and noisy RR series, the lattersometimes exhibiting many SAS-like patterns.These patterns trigger grand peaks in s[i]2 whichare recorded in F (t), but they occur less regu-larly than in true SAS cases. As an illustration,it is instructive to compare Figure 5 and Fig-ure 7. Figure 7 displays the cumulated graph ofa healthy patient who presents high variability.The cumulated graph shows a high number of2For example, if we choose htrig = 0:8 and ltrig = 12, wesee that the healthy RR series in Figure 4 has produced twogrand peaks.
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APNE1    − Cumulated graph, h_trig = 0.8, l_trig = 12

Figure 6: Cumulated graph and local frequenciesgraph for patient A under CPAP treatement. Onesees that the treatment has been very e�cient (notethe di�erent scale).grand peaks. However, the graph is easily dif-ferentiated from the corresponding one on Fig-ure 5 through the irregularity of the curve. Inorder to help quantifying the irregularity of thecurve, we have de�ned two parameters which aredisplayed in the lower graph of the �gure. The�rst one gives the mean relative irregularity mea-sure (RIM) over the whole record, and the sec-ond gives the smallest RIM of all 15 minutes se-quences extracted from the whole record. Thesecond irregularity parameter is particularly rel-evant. Its value is 0.07 on Figure 5 while a nor-mal value for a healthy patient is around 0.4. Alow RIM index seems very typical of SAS.B. Local frequenciesThe lower graph in Figures 5, 6 and 7, called local fre-quencies graph, is derived directly from the cumulatedgraph. It provides the grand peak frequencies calcu-lated on a 15 minutes basis.The error bars give an estimation of the irregularityof the occurence of grand peaks within the 15 minutestime portions. Comparing Figures 5 and 7, one seesthat error bars are smaller in the SAS case, i.e., thatgrand peaks occur more regularly in case of SAS. Thisis a very characteristic feature. Another typical featureis the amplitude of the curve, which rarely reachesmore than 50 apneas per hour with healthy patients.V. Correlation between grand peaks andapnea patternsTo validate the expected correlation between grandpeaks and apnea patterns, Figure 8 illustrates two por-
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LARCTHO  − Cumulated graph, h_trig = 0.8, l_trig = 12
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Figure 7: Cumulated graph and local frequenciesgraph of a healthy patient.tions of the original RR time series of patient A (Fig-ure 5).
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Figure 8: Two portions of the RR series of patient A.Above: high frequency of grand peaks. Lower: lowfrequency of grand peaks.The �rst portion has been selected at a time of thenight where our analysis indicates a high frequency ofgrand peaks. One indeed recognises the correlationwith apnea pattern both qualitatively and quantita-tively. In contrast, the second portion was selected ata time of the night where our analysis indicates a lowfrequency of grand peaks. No apnea pattern is presentduring this period.Such a validation can be interactively operated bythe clinician. The software we have developed has thiscapability, o�ering a very convenient way for the clin-ician to detect the periods of high frequency and toanalyse the corresponding apnea patterns directly on
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