Wearable-Sensor System for Monitoring Motor Function
NIH/NIBIB EB007163

° 1
oy Pl: Carlo J.De Luca, PhD _ ‘ BOSTON

BB EEsmES RS sEm - ° L 1 1,2 3 Z =W

ﬁ‘%ﬁgﬁﬁ NEHI‘OMUSCU] ar : Co-Pls: Serge H.Roy, ScD, PT', S. H.amlc.l NaV\{ab., PhD'?, Joe Jabre, MD : A UNIVERSITY
E:'.H}F;Efi.{'!;&: e e e L. Donald Gilmore, ABEE', Bryan Cole, BS'?, Santosh Ganesan, BS'? Marie Saint-Hilaire, MD, FRCP3, Cathi Thomas, RN, MS?, Sam Ellias, MD, PhD? - =) SCHOOL of
=-====];II=====T 11 7 o o
fEEEL EdHH RS — Medicine
SR aiEEiR RS RGSEﬂrCh Center ' NeuroMuscular Research Center, Boston University

2 Electrical and Computer Engineering, College of Engineering, Boston University

’ Department of Neurology, Boston Medical Center

Goal: To develop a Personal Status Monitor (PSM) that automatically identifies and tracks
motor disorders, medication states, and mobility in patients with Parkinson’s disease

Project 1: Technical Infrastructure Project 2: Clinical Application to PD

Problem: Involuntary movement disorders are a major problem in long-term management of the majority of patients with Data Collection Protocol: Patients were monitored using the Personal Status Monitor (PSM) and were videotaped during
Parkinson’s disease (PD). Physicians must rely on patient motor diaries to monitor these complications. Diaries need to be an approximately 4-hour period that was timed to coincide with a complete medication cycle ( “On”, “On w/Dyskinesia”, and
recorded frequently, have poor temporal and spatial resolution, are prone to subjective bias, poor memory, and they are diffi- “wearing Off"). Activities were conducted in a laboratory configured as a studio apartment. The activities included standard-
cult for patients to manage. ized motor tests used for clinical assessment (e.g. motor scales from UPDRS), scripted functional tasks (e.g. "sit-stand-and-

walk”), and free-roaming unconstrained activity.
Wireless EMG + ACC

Proposed Solution:
An intelligent wearable

sensor system

Annotation: The patient’s videotaped data were annotated by movement disorder specialists to grade the different move-
ment disorders, medication states, and mobility states to create a “gold-standard” for comparison with the PSM.
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Diagram of the proposed Personal Status Monitor (PSM) for identifying movement disorders, medication states, and mobility in pa-
tients with Parkinson’s disease (PD) by the automatic analysis and interpretation of electromyographic (EMG) and accelerometer
(ACC) signals. In this example, the PSM device is monitoring the patient while detecting signals recorded from the surface of the body
using wireless sensors. The proposed system will provide a continuous history and statistical summarization that can be made avail-

Sample data from a patient asked to sit quietly. The left figure indicates = Sample EMG (left) and ACC (right) data from the same sensor
the “Off” period when the patient experienced Tremor, and the right on the TA muscle in a patient with resting Tremor. The figures
figure indicates the “On w/ Dyskinesia” period. Data were recorded from  demonstrate that sub-clinical signs of tremor (at 0-5 s) are iden-
the Anterior Deltoid and Biceps brachii muscles. EMG signals are in tifiable by the EMG data patterns (left) but not by the ACC pat-

able to the clinician to help manage drug and surgical interventions, or develop new ones. black; ACC signals are in blue. terns (right), or the expert annotator (red line).
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