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Abstract— The high incidence of stroke has raised a major and provide a quantitative measure of all stroke related
concern among health professionals in recent years. Conded  neurological deficit. The NIHSS scale is a 17-item neuro-
efforts from medical and engineering communities are being logical examination to evaluate the levels of consciousnes

exercised to tackle the problem at its early stage. In this | lect. vi Ifield | t | o
direction, a pilot study to analyze and detect the affected ran of anguage, negiect, visual-field loss, extra ocular movemen

the stroke patient based on hand movements is presented. The motor strength, ataxia, dysarthria, and sensory loss. n ou

premise is that the correlation of magnitude of the activites of ~work, we are interested in motor strength assessment which
the two arms vary significantly for stroke patients from controls. s defined as in [4].

Further, the cross-correlation of right and left arms for three Recent technological advances in low-power integrated

axes are differentiable for patients and controls. A total ¢ 22 ircuit d wirel icati h d ilabl
subjects (L5 patients and 7 controls) were included in this study. circuits and wireless communications have made available

An overall accuracy of 95.45% was obtained with sensitivityof ~ €fficient, low-cost, |0ij0Wer miniature devicle_.% for use _in
1 and specificity of 0.86 using correlation based method. wireless sensing applications. Automated clinical decisi

making is one of the key research areas in biomedical
engineering. A wearable body area network is a viable
Stroke is a major cause of morbidity and mortality insolution for unhindered monitoring of patient conditior.[5
Australia. There is an annual incidence of 48,000 new strok&Vireless Body Area Network (WBAN) is one of the key
and the risk of death is 25 to 30% [1]. Acute stroke is causeeimerging technologies for unobtrusive health monitorig [
by a blockage of one of the arteries in the brain resulting i order to monitor stroke patients, low-cost hardware-plat
interrupted blood supply. Brain cells deprived of oxygedat form is necessary. Most major efforts have been in activity
blood die rapidly unless blood supply is restored. One ahonitoring as a fitness aid using smart phones as the base
the milestones of modern management of acute stroke is thiatform. A good summary of the work using these sensors
administration of a thrombolytic (clot-busting medicatjon  in activity monitoring can be found in [7] including a
order to unblock the blocked artery [2]. It has been shownomparison of commercially available systems. Bouten et.
in international multi-center studies that patients wheeiree  al. [8] developed a basic activity monitoring system using a
thrombolytic treatment have better clinical outcomes [2]. tri-axis accelerometer and proved the correlation of energ
The delivery of thrombolytic agents to acute stroke paexpenditure with the processed accelerometer sensorl signa
tients require round-the-clock availability of a strokeune was high on healthy subjects. Often, the areas of focus
rologist to clinically assess the patient. Lack of continsio have been in rehabilitation, which is a reactive response
monitoring translates to missed treatment opportunities irather than a proactive response. Another area of research
decreasing the morbidity and mortality associated withtecuin post stroke assessment using accelerometer sensoss is th
stroke [3]. In addition, the monitoring of motor recoveryWolf Motor Function Test (WMFT) [9]. WMFT is a post
is critical in the management of stroke patients. Patienttroke assessment procedure carried out within days after
who do not exhibit early motor recovery post thrombolysishe onset of stroke. Parnandi et. al. [10], [9] have devalope
may benefit from more aggressive treatment. It follows tha wireless accelerometer system which replicates WMFT
a portable wireless motion detector would signify a majoconducted by trained personnel. The assessment is based on
advance in patient management. 15 tasks rated according to time and quality of motion. They
Assessment of the effect of thrombolysis is the coreompare the scores obtained from their proposed method
motivation to develop an automated monitoring tool fomvith therapist’s scores and report an average error of 0,066
the assessment of post-stroke individuals’ during the’ ‘hotvhich is excellent. Once again, researchers [10] are in post
period after stroke (while the patient is still in the hoap)it stroke assessment spanning days after the onset of strdke an
The National Institute of Health Stroke Scale (NIHSS) idalls under the post stroke rehabilitation category. Hasvev
an international initiative to systematically assess k&tro the use of the accelerometer in the ‘hot period’ of stroke is

virtually absent in the literature and this is the first apgm
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to differentiate between patients and control. Hence,ethemcluded 15 acute stroke patients (8 males, 7 females) and 7
is a need to create an efficient algorithm at the first stagmntrols (2 males, 5 females). The average age of patients is
to differentiate between patients and controls and thetyapp9.8 + 15 years and the average age of controls is-G6
stroke index calculation algorithm at the second stagehitn t years. The summary of the patient data is given in Table I.
paper, we present a new algorithm for classifying patienfBhis signal was filtered using a ButterwortH ®rder high-

and control from the collected accelerometer data. pass filter with 1 Hz as cutoff frequency.
Il. METHOD TABLE |
A new system for continuously monitoring motor activity SUMMARY OF THE PATIENT DATA COLLECTED
of arms based on wireless accelerometer attached to the
patient is developed. A wireless sensor is attached to beth t Patient details Data collected |
arms of the patient. These sensors transmit the acceleeometﬁ'(') Age| Sex | Diabetic, Smoking ;ﬁgﬂé (Sl\;"’i‘g;’)l (Sn;?r?;})‘
informa.tion to a base station_, which is a sensor node capabter &7 T wae No No Yes 184 61
to receive the data transmitted from the wireless sensofs2 | 59 | Male No No Yes 274 69
The base station is attached to the computer via USB an itg 2‘7‘ ma:e K‘es K‘es mo ;gg g
. . . NN ale o o 9]
receives the activity data at 50Hz. The rece|v_ed data ctsnsml 5T 6T 1 Vale No No Ves 1249 8
of time stamped, y, andz axes data. The data is then pushett 581 [ Eemaid  Ves No Yes 276 75
into a MySQL database server for further processing andio | 88 | Femald No No Yes 243 X
analysis. 12 | 78 | Femalg Yes No Yes 246 90
13 | 52 | Femald No No No 260 69
A. A wearable sensor p| atform 15 | 59 | Femald No Yes No 251 66
. . . . 16 | 81 | Femald No No Yes 245 68
In this pilot study, off-the-shelf |M0te_2 plf_;ltform is u§ed. 17 785 | Eemald  No No No 545 -0
The Imote2.NET can be programmed in Microsoft’s Visual 18 | 76 | Male No No Yes 244 60
Studio using C#. It is built around the low-power PXA271 19 | 81 | Male | No No No 253 5
XScale CPU. Furthermore, the system integrates an 802.15.42 1 69 [ Male | No No Yes | 258 | 7

compliant radio operating at 2.4 GHz bandwidth. The advan-
tage of this platform is its modularity to interface sensors

to its existing basic sensor board (ITS400). The ITS400 !l SIGNAL ANALYSIS AND CLASSIFICATION
consists of a three-axis acceleromet&i2¢) and a 12-bit, Based on the preliminary time and frequency domain
four-channel Analog to Digital (A/D) converter. analysis of the data collected [11], two new methods are

llect | and . developed for patient/control classification: (a) usingssr
B. Data collection Protoco. and pre p.rocng correlation of acceleration magnitude between arms over
Human Research Ethics Committee approval has be@o minute window, and (b) using the difference in cross-

obtained from Royal Melbourne Hospital Human Researctorrelation of the 3 axis of each arm. The methods are
Ethics Committee (HREC 2010.245). The data is collectegxplained below:
at Melbourne Brain Center. Each data packet included a time ) .
stamp and the tri-axis accelerations. A typical plot for 4% Cross-correlation of magnitude
control and patient are shown in Fig. 1. Careful observation The hypothesis of this stage is that the correlation of
the activities of the two arms varies between patients and
Contol(Lef) Control(Right) controls. In order to prove our hypothesis, the resultant of
the accelerometer data is divided into 10 minute windows.
For each window, a 1024-point FFT is taken and the power is
calculated. The maximum power that represents the highest
activity for any frequency (arm movement) is recorded. This
O s w0 ol a0 20 O s w0 ol a0 20 results in a time series of power readings for each arm.
R Pateni(Lef) R Patieni(Righ) The correlation coefficient is then calculated between the
s left and the right arm, which reflects the difference in arm
movements. For window size, 1 minute, 5 minutes and 10
. minutes were tested before settling with a 10 minute window.
A correlation coefficient threshold of 0.7 was empirically
T ey 0P O ey chosen for differentiating patients from controls.
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Fig. 1. Left hand and right hand x-axis acceleration valu@saf control . .
(top) and a patient (bottom). It is observed that the stroke patients are not comfortable

performing rotatory motion from their stroke affected arm,
of the difference in the muscular activity between the hander example, rotating a door knob or rotating their arm
indicate reduced activity in the patient"f2row in Fig. 1). around elbow or shoulder joint, whereas healthy persons
In total, 22 subjects were used to develop the method thaan do them with ease. This forms the basic motivation of



the developed method and it is based on finding the cross- IV. RESULTS AND DISCUSSION

correlation between acceleration values alangandz axes. The development of diagnostic protocol for monitoring
We consider a 10 minute window as discussed earlier and the, ;o stroke, which involves programming the nodes, data
following procedure is used: We first take 2 second Hammingy|jection, analysis and classification of patients androos
window with 50% overlap. Then, correlation of 3 pairs Ofis hresented. 22 subject data using wireless accelerometer
axes -x andy (eq. 1),y and z (eq. 2),z and x (€9. 3) gengor including 15 patients and 7 controls is collected. Ta
are calculated to obtain three correlations. The cumdatiy, e || shows the overall results of patient classificatiaing
integral of correlated signals within 10 minutes is caleeta 4 nvo proposed methods. An overall accuracy of 86.36% is
to obtain velocity signal. The area under the velocity signg,yaineq with sensitivity of 0.87 and specificity of 0.86ngi

for 10 minute duration gives us? Ly, Rz, Lyz, Rec and g5 correlation of magnitudes between arms. Further, th

Lo 180 R second method is based on difference in correlation between
Sy = —tan ! (—Xy) (1) 3 axes is proposed. As it can be seen from Table Ill, an

n Ly accuracy of 95.45% is achieved with significant improvement

180 /Ry in sensitivity (1) and specificity (0.86). In order to valida

Se=—r (E) @ our results using the second method, ROC curve (refer Fig. 3)

for Sy, Sz and Sy are plotted and area under curve of 0.84,

Sy = 1_:_3[0tanfl (IE_ZX) (3) 0.85and 0.82 respectively is obtained.
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Fig. 2. Histogram ofSy, S, andSx values for controls (top) and patients :
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Values of Sy, S, and Sy, near to 48 represent less
severity whereas away from 4%nd close to © or 9C¢° Fig. 3. ROC curve foiSy, Sy and Sy
represent more severity of stroke, with close tor@present
right arm being affected and close to°9@present left arm  Ag the methods are implemented on low power nodes,
being affected. Fig. 2 shows the histogram3y, S, and se of non-linear classifiers like Support Vector Machirses i
Sy for controls (top) and patients (bottom) respectively. Thggjiperately avoided. It is important to note that the thosd
histograms also reinforce our belief thf‘t value of corfef&  \ajues chosen in Table Il will have significant effect on the
is close to 43 for controls and close to"(or 90° for patients c|assification. In order to justify this, accuracies obegirior
(based on the side affected by stroke). After obtaining thgitferent values of threshold is shown in Fig. 4. For more
correlation values, a binary classification based on linegksn 80% of the threshold values, the accuracy is over 90%
thresholding is performed. An individual is declared agiemonstrating the robustness of the proposed linear fitassi

control or patient based on rules presented in Table Il.  The results in Table Ill are based on a threshold of fod
O
TABLE Il Sy, 9° for §; and 10 for Sy.
RULES (THRESHOLDQ FOR PATIENT-CONTROL CLASSIFICATION V. CONCLUSION
_ _ Use of accelerometer sensors for monitoring activity has

Condition Decision . . .
45 TH, <Sy <45 T TH; Control beco_me one of the key re;earch areas in p|omed|cal re;earch.
(Sy <45 —TH;) OR (Sy >45° +TH;) | Patient In this paper, a new algorithm for classifying stroke paten
45 —TH1 <5, <45 +TH; Control and controls is proposed. There is significant different in
g{? <T4: ;-I-S:tli 253 ﬁ?ﬁ 45 +TH) (P:ztr']frr(‘)tl arm activity between the stroke affected arm and the normal

_ 1 1 . . . . . .
(Sx <45 —TH1) OR (Sx> 45 +TH) | Patient arm in spite of varying degrees of paralysis. This fact is

used to develop two algorithms: using the cross-corraiatfo
activity between arms (resulting in an accuracy of 86%) and



TABLE Il
RESULTS OF PATIENFCONTROL CLASSIFICATION FOR THE2 PROPOSED METHODSERRORS ARE HIGHLIGHTED

Cross-correlation of magnitudé Cross-correlation between the 3 axis

No. Observed COEP;;%% n Predicted A\(/g:;a)ge Predicted A\Egsge Predicted A\(/gzr:;ge Predicted
1 Patient 0.683295 Patient 34.07 Patient 28.96 Patient 34.78 Patient
2 Patient 0.637615 Patient 58.18 Patient 59.36 Patient 59.03 Patient
4 Patient 0.187034 Patient 8.92 Patient 8.80 Patient 9.32 Patient
5 Patient 0.444135 Patient 9.50 Patient 10.75 Patient 8.17 Patient
8 Patient 0.552598 Patient 79.53 Patient 80.77 Patient 80.71 Patient
9 Patient -0.222172 Patient 7.91 Patient 8.06 Patient 8.28 Patient
10 Patient 0.344284 Patient 83.93 Patient 83.53 Patient 81.66 Patient
12 Patient -0.199177 Patient 35.16 Patient 35.64 Patient 35.13 Patient
13 Patient 0.588152 Patient 8.93 Patient 11.28 Patient 12.47 Patient
15 Patient -0.405482 Patient 84.47 Patient 84.31 Patient 83.95 Patient
16 Patient -0.761099 Control 82.29 Patient 82.41 Patient 81.93 Patient
17 Patient 0.445221 Patient 11.80 Patient 10.94 Patient 10.78 Patient
18 Patient NAN Patient 87.12 Patient 87.71 Patient 86.79 Patient
19 Patient -0.076763 Patient 81.17 Patient 84.37 Patient 83.63 Patient
20 Patient 0.934955 Control 7.68 Patient 8.00 Patient 8.41 Patient
22 Control 0.964547 Control 62.69 Patient 67.25 Patient 62.94 Patient
23 Control 0.836076 Control 35.15 Control 38.69 Control 37.28 Control
24 Control 0.84554 Control 42.84 Control 47.42 Control 45.60 Control
25 Control 1 Control 37.53 Control 36.77 Control 38.85 Control
26 Control 0.23073 Patient 45.18 Control 45.40 Control 48.32 Control
27 Control 0.926019 Control 37.95 Control 44.21 Control 42.54 Control
28 Control 0.956752 Control 37.25 Control 37.66 Control 35.53 Control

% Accuracy 86.36% 95.45% 95.45% 95.45%

Sensitivity 0.87 1 1 1

Specificity 0.86 0.86 0.86 0.86

using cross-correlation of activity along three differames
of movement. An overall accuracy of 95.45% is obtained
with sensitivity of 1 and specificity of 0.86 using corretati

(2]
(3]

between 3 axes. This study is useful in detecting stroke
patients non-invasively and further useful in continuousl4l

monitoring.
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