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Abstract—We believe that each individual is unique, and thait
is necessary for diagnosis purpose to have a distiive
combination of signals and data features that fitshe personal
health status. It is essential to develop mechanisnfior reducing
the amount of data that needs to be transferred (tanitigate the
troublesome periodically recharging of a device) wite
maintaining diagnostic accuracy. Thus, the systemhsuld not
uniformly compress the collected physiological data but
compress data in a personalized fashion that presess the
“important” signal features for each individual such that it is
enough to make the diagnosis with a required highanfidence
level. We present a diagnostic quality driven mechanism fo
remote ECG monitoring, which enables a notation opriorities

encoded into the wave segments. The priority is spified by
the diagnosis engine or medical experts and is dyméc and
individual dependent. The system pre-processes ttedllected
physiological information according to the assignedoriority

before delivering to the backend server. We demonsite that
the proposed approach provides accurate inferenceesults
while effectively compressing the data.

l. INTRODUCTION

press the data or preserve only certain featureékerdata.
The system thus needs a higher-level personalieedrig-
tion to instruct the proper data processing medmnfor
each individual.

Medical diagnosis is usually based on inferencesvdr
not from raw sensor sample streams, but from the fiea-
tures extracted from them. The importance of a tture
is best defined in terms of itiagnostic quality or the in-
cremental inference accuracy derived from it. Withota-
tion of priorities encoded into wave segments, wesent a
diagnostic quality driven framework. The priority $peci-
fied by the diagnosis engine or medical experts iandly-
namic and individual dependent. The assigned ifiger
allow a data reduction while maintaining diagnosticura-
cy by preserving specific signal features. To destiate
and assess the concept of diagnostic quality drivemd-
width-scalable physiological data collection, wesiga and
implement a supporting processing framework.

. RELATED WORK

Remote health monitoring is probably one of the tmos Lossy ECG compression achieves a higher compression

fundamental functionalities that a personalizedltheare

ratio by allowing distortion. Various techniquesvlabeen

system should provide. Smartphones are fast engerggn  well developed [1, 8 - 10]. Quality controlled comagsion

the platform for wireless healthcare via affordabiedical

recently has grabbed researchers’ attention [18].-These

sensors either embedded in phone or connected gihrousystems uniformly compress data to a given thresHap]

Bluetooth [14][17]. These technologies can not ogns-
form the way healthcare is managed and delivereddis
viduals, but also enable more accurate aggregationdi-
vidual data into health models.

It has been known that real-time collection anddrais-
sion of high rate physiological data impose a hhgeden
on the limited energy resources available to srharips

developed a compression that is specialized forasigom-
ponents. We propose to encode priorities into wawves$
such that a system can process ECG accordinglyniora
personal fashion.

A concept similar to the one discussed in this pdyaes
been explored in the field of image/video comp@ssn the
context of “Region of Interest”. The JPEG 2000 8Stad

and sensors. Our tests show that at low data rat§s] provides mechanisms to label and compress rdifiie

(approximately 60bytes/s) and frequent transmissi@mce
every 0.5-1sec), a cell phone can only last 10-4@rs at
most while continually transmitting data over aoaty WiFi
connection. This means a recharge cycle of evelfyday
for users. It has also been shown that WiFi radi@smore
energy efficient than cellular radios for infrequénlk data
transfers [12]. Thus, from usability perspectiveisi more
favorable to reduce the amount of data for transionsto
prolong recharge cycle.

We believe that each individual is unique with déee
physical conditions. Automated or semi-automatedqea-
lized healthcare should reflect this uniquenegshiysiologi-
cal signals and associated parameters of an indilidA
remote monitoring system should preserve “impottdata
features in the related physiological signal focuaate di-
agnosis during the transmission from user end twese
General data reduction mechanisms either uniforcoly-

parts of a picture into a different degree of figelThe MP3
encodes audio based on psychoacoustic models scakdié
less audible (to human hearing) components [7].

Il. DIAGNOSTIC INFORMATION INECG

We choose ECG signal, as the subject throughotibfes
this study, to investigate the idea of preservinggudosis-
related features while transmitting compressed.da@G
has the benefits that it has been well studiechbyntedical
community and has proven its clinical importancesibles,
everyone has a unique ECG [16] and thus motivéiesn-
portance of personalized healthcaf@ther physiological
signals also apply to the same idea in presengagufes.

A typical ECG waveform of one normal heartbeat con-
sists of three characteristic waves: a P wave, & @inplex
and a T wave. There is a small U wave that is heays
visible. ECG reflects the electrical activity oketheart mus-



Figure 1. The diagnostic quality driven physiological datdlection framework.

cle and is recorded by electrodes attached to didy bur-
face. P wave relates to the depolarization of tha.aQRS
complex captures ventricular depolarization and avev
indicates ventricular repolarization of the hedvith differ-

ent origins in heart, it is natural that each waegment in
ECG has its own clinical significance in diagnosfsvari-

ous cardiac related diseases.

The concept of preserving diagnostic informatiorpby-
siological signals has been emphasized in meditaial
tures. Blanco-Valasco et al. showed in [18] thatommect
context can be inferred if the classical percentage-
mean-square difference (PRD) is exclusively conside
Zigel et al [6] discuss that the PRD does not sersea
“good” distortion measure. They state that “theoerite-
rion has to be defined such that it measures thityadf the
reconstructed signal to preserve relevant diagnasftorma-
tion.” Then they introduce weighted diagnostic alisbn
(WDD) and define 18 relevant ECG diagnostic feature
three groupsduration (and interval) amplitudeand shape
These data features are well correlated to exedialo-
gists' perception. In our evaluation, we focus lwesé diag-
nostic features to inspect how the applicationosky com-
pression algorithms on the ECG signal degradefiatgnos-
tic quality.

V. THE PROCESSINGFRAMEWORK

Our system focuses on preserving diagnostic fegtimre
an ECG signal while compressing it to a desiret rétig-
ure 1 illustrates our proposed mechanism. The kegept
is, based on its expert assigned or automated latdcu
priority, to select a proper compression techniqueom-
press each data segment with different ratios thah a
system is able to provide better diagnosis quahtgn with
a low-fidelity signal. Important data features thatd to be
preserved in the signal are first determined by ioaddex-
perts or a diagnostic engine. The common diagndete
tures in ECG are the intervals, amplitudes and ehdg].
Medical experts, or the diagnostic engine, cangasgriori-
ties to these features according to the cardiawites of
interest. The enabling point is that these featoeesthen be
mapped back to various wave segments of a cargile.c

ciated with priorities in time domain that are figaused to
process the signal accordingly.

The framework of the proposed ECG diagnostic fesstur
preservation mechanism includes five stageRS Detec-
tion, Segmentation, Features Mapping, Prioritiesnéia-
tion and Data Compressianin QRS detection stage, the
system continuously performs QRS detector algorithhm
the collected ECG data to determine the RR intepfal
heartbeats. Each heartbeat is further segmentedséveral
components in the Segmentation phase. The Featap M
ping phase maps each feature to its corresponeiggent,
while the Priorities Annotator processes the camfigion
file or real-time commands to setup priority levéds each
data feature. The two resulting mappings are joimgdhe
system to determine the priority of each wave setjnige-
fore transmitting data to the backend server, theaCom-
pression module compresses each segment with exediff
ratio based on its priority.

V. IMPLEMENTATION & TESTBENCH

We implement the system by using a Nokia N80 smart-
phone as the personal base-station, a laptop dsathend
server and Alive Heart Monitor [11] as the on-badynsor.
The Alive Heart Monitor consists of an ECG sensat a 3-
axis accelerometer and is configured to transnet ¢bl-
lected data via Bluetooth at a pre-defined ratee Nokia
N80 smartphone employs above prioritized processing
framework and preserves diagnostic features in cesson.
The backend server stores the collected data aridrims
diagnosis. The system components are shown iné&ur

For evaluation purposes, we built a test benchutoraat-
ically segment the ECG waveform. This ECG segmimtat
test bench can quantitatively determine the amotidiag-
nostic information that has been preserved dutiegitfor-
mation flow. Our approach adapts the Hidden Markimd-
el [13] for ECG waveforms and uses a Bayesian ifleisso
segment these waves. To determine its accuracyG@G E
segmentation, we choose six recordings in QT Damfi23]
and then compare the computed results againss éictura-
cy in segmenting fiducial points has a mean of ;m2@and a
standard deviation of 18.26ms, and keeps abredkeqier-

The system thus has the ECG waveform segments assormances as [15].



VI.

Diagnostic Quality vs. Compression Ratio

EVALUATION
A.

OSA from periods of normal healthy respiration.
Figure 4 (f) shows the OSA detection results of ée-
tection application based on original versus coaesapling

Here, we further investigate the impact of lossydata. Y axis is the sleep time period where blueriicates

compression on diagnosis quality of an ECG wavefdm
the experiment, data features of a raw ECG signalew
extracted by using the test bench described eaflieey
were compared against features extracted from itheals
compressed uniformly at varying ratios to quantigd
analyze the degradation of diagnostically relev@atures
of the signal. The experiment was conducted in mého
setting where the author collected approximatelyrilibutes
(~278K samples) of his ECG trace while watching TV.
The evaluation employs 16 different settings
compressing the data with CR = 1 equals to tharaigla-
ta.

the OSA duration out of total sleeping time. Instbase, if
the CR increases above 6, OSA periods detectedploletA
application become untrustworthy.

For our experiments, we divide each heartbeat (géert
through QRS detector) into 4 segments. For eaclkerexp
ment, we select one segment to be the high prisggment
and mark the others as low priority segments. Tystesn
delivers the high priority waveform with originaath fideli-
ty in order to preserve its diagnostic featuresne domain.

inThe other low priority waveforms are compressechv@R

varying from 2 to 18 to ascertain the highest gaestom-

We use coarse sampling as the lossy compressipression setting. The ECG signal is reconstruchedugh

algorithm to preprocess collected data samples réefolinear interpolation before applying the Apdet algon.

transmitting. For “lossy” compression, choosingiffiedent
technique does not change the fact that the didigrapsali-
ty drops with the increasing compression ratio.

Figure 3 shows the evaluation results of diagnceibii-
ties in ECG coarse sampling compression. Figura) 3s(a
visualization of the ECG waveform of one heartbaatif-
ferent CR settings. Figure 3 (b) depicts the PRiveen an

Figures 4 (a), (b) and (d) depict the Apdet resulth the
high priority segment set to 1, 2 and 4 respectiviebr each
plot, the leftmost blue line is the result obtairexin origi-
nal data (the highest possible fidelity). The rerra lines
in the graphs show results with increasing comjoassf
the low priority segments. All the results showraak point
around CR = 8 for the low priority segments. A dadim

original and compressed ECG waveforms. This measurégmprovement takes place when the system sets sédghien

the distortion in shape of the characteristic waveECG.
Figure 3 (c) shows the diagnostic feature of amgétin
ECG. With the increasing CR, the local maximal amage
of an ECG characteristic wave drops accordinglguFeé 3
(d) displays the standard deviation of the occgrtime of
the fiducial points classified by the test benchencreas-
ing standard deviation represents a decreasingspedn
determining the durations and intervals.

B.

We use an obstructive sleep apnea detection apptica
(Apdet [2]) from PhysioNet [3], with a real ECG ¢eob-
tained from the apnea-ECG database [4] to assessaho
general loosy compression affects automatic diagrmsd

guantification.Apdetis an automated method for diagnosing

and quantifying OSA from a single ECG trace. Thiveare
employs Hilbert transform on RR interval time ssriand
then based on the resulting instantaneous ampliarte
frequency components, differentiates periods olgmged
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Figure 2. System components.

The Obstructive Sleep Apnea Detection Application

high priority (Figure 4 (c)). In this case, we cpuash the
compression ratio on the other low priority segraefit, 2
and 4) to CR=18 without compromising the diagnoaticu-
racy of Apdet. This is because most of the diagcalty
significant features to Apdet reside in this segirfen this
patient. Therefore, if the system preserves datalify of
this segment, highly accurate diagnosis is posshiieugh
Apdet, even when all the other segments are sogmifly
compressed. Figure (¢) shows the effect of different com-
pression ratio combinations while maintaining cdefice in
diagnostic accuracy of Apdet. The resulting overalm-
pression is 8x as compared to the original dath aibheglig-
ible decrease in accuracy. This corresponds tchatautial
reduction in power consumption of cellular transsias.

It is important to note that segment “3” is notraversal
magic number that suits everyone for the Apdetieptibn.
Because the characteristic waves can differ frodgividual
to individual, the location of the diagnostic feas in an
ECG waveform also varies. The importance of thegppsed
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Figure 3. Evaluation of ECG diagnosis quality after compressia) Visualization. (b) Shape distor-
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mechanism is its ability to let the upper tier inst data pre-
processing dynamics in the lower tiers at run-time.

VII. CONCLUSION

We propose a diagnostic quality driven framewonk ger-
sonalized health data collection. We show the aidwgas of
accurate diagnosis inference while preserving eeledata
features along sensing, preprocessing, featuraaiin and
diagnosis pipeline. Our implementation evaluatew kiata
compression varies the precision of data featureks the
accuracy of diagnosis results. We believe thatthgnostic
relevant information of any physiological signabald be
maximally preserved during data flow and is induatt

dependent. We look forward to increased interestagili-

tating the diagnostic driven physiological datdexions.
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Figure 4. The Apdet diagnosis results when the system pres@ysegment 1{b) segment 2(c) segment 3 an(tl) segment 4in
(e), the system performs hybrid compressifin.shows the original results without assigning ptyorThe y axis is the detest

OSA periods and the x axis is the compression.rétie diagnostic features for this patient (Apnea-E0G) reside in block 3.



