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Multimodal assessment of spasticity
using a point-of-care instrumented glove to
separate neural and biomechanical contributions

Moran Amit,1 Cagri Yalcin,2,3 Jiaxi Liu,1 Andrew J. Skalsky,4,5 Harinath Garudadri,2 and Tse Nga Ng1,6,*

SUMMARY

Accurate assessment of spasticity is crucial for physicians to select the most suit-
able treatment for patients. However, the current clinical practice standard is
limited by imprecise assessment scales relying on perception. Here, we equipped
the clinician with a portable, multimodal sensor glove to shift bedside evaluations
from subjective perception to objective measurements. The measurements were
correlated with biomechanical properties of muscles and revealed dynamic char-
acteristics of spasticity, including catch symptoms and velocity-dependent resis-
tance. Using the biomechanical data, a radar metric was developed for ranking
severity in spastic knees and elbows. The continuous monitoring results during
anesthesia induction enable the separation of neural and structural contributions
to spasticity in 21 patients. This work delineated effects of reflex excitations from
structural abnormalities, to classify underlying causes of spasticity that will
inform treatment decisions for evidence-based patient care.

INTRODUCTION

Spasticity is a chronic neuromuscular disorder that is commonly manifested in patients suffering from ce-

rebral palsy, stroke, or traumatic brain injury, etc., affecting over 12 million people worldwide (Barnes et al.,

2017; Kuo and Hu, 2018; Crema et al., 2022). Symptoms of spasticity include abnormal muscle stiffness,

painful contractures, and jerky movement that impair balance competence and self-care activities (Skalsky

and Dalal, 2015; Rekand, 2010; Lance, 1980; Thibaut et al., 2013). Evaluation of the severity level of spasticity

is a crucial step in selecting appropriate types of treatment and dosage to prevent progressive deformities

and improve quality of life for patients. However, current clinical evaluations are limited by imprecise sub-

jective ratings based on perception, such as the Modified Ashworth Scale and the Tardieu Scale. The sub-

jective ratings are known to be inconsistent and not sensitive (Alhusaini et al., 2010; Fleuren et al., 2010; Puzi

et al., 2019; Malhotra et al., 2009) and as such undermines efforts to accurately track and understand the

efficacy of different therapies. Clinicians need weeks or months to confirm definite patient deteriorations

before escalating treatment to avoid overdosage of medications. Consequently, it has been difficult to

manage spasticity, and objective tools that facilitate sensitive, frequent assessments are urgently needed

to enable timely interventions and improve patient care.

To address the need for better tools for assessment, previous research had engineered surface electro-

myography (EMG), ultrasound, and biomechanical measurements to characterize spastic muscles. EMG

is meant to capture involuntary muscle activations, but this technique suffers from low signal reproduc-

ibility due to issues with electrode placement and motion artifacts (Misgeld et al., 2016; Sloot et al., 2017;

Yu et al., 2020; Wang et al., 2017). Ultrasound has been used to inspect muscle fiber lengths and cross-

sectional area that relate to muscle strength (Moreau et al., 2009; Cunningham and Loram, 2020). Yet this

method does not address the motion-dependent aspects of spasticity. Alternatively, biomechanical mea-

surement tools including myometer and dynamometer were demonstrated to quantify the resistance tor-

que of spastic limbs (Le-Ngoc and Jansse, 2012; Li et al., 2017; Ferreira et al., 2013; Lee et al., 2017; Seth

et al., 2015; Wu et al., 2018; Song et al., 2018). Multimodal approaches that combine movement and mus-

cle resistance measurements have been developed to examine the velocity-dependent characteristics of

spastic muscles (Wu et al., 2018; Bar-On et al., 2013). However, prior instrumentations are large, motor-

ized structures that are unwieldy to fit onto patients and pose safety risks and adoption barriers for point-

of-care settings.
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To overcome this issue with cumbersome equipment, we have developed a multimodal sensor glove for

spasticity evaluation (Amit et al., 2019; Yalcin et al., 2020; Jonnalagedda et al., 2016). The device is intended

to be worn by caregivers to objectively record the applied torque and movement trajectory while con-

ducting assessment maneuvers on patients. Our portable system offers point-of-care measurements build-

ing on recent advances in wearable flexible electronics (Moin et al., 2021; Amit et al., 2019; Zhai et al., 2020;

Bonnassieux et al., 2021). Here, we demonstrate the translation of our sensor glove technology to bedside

use. With the objective measurements collected using the sensor glove, the severity of spasticity in a pa-

tient can be tracked with better accuracy than through the subjective clinical scales based on perception.

Furthermore, we envision that with the use of this device, adjustment to medication dosage can be corre-

lated with quantitative data in the future, to improve the assessment of medication efficacy.

The muscle tone in spasticity is comprised of passive, reflexive, and voluntary contributions. The passive

component is the stiffness due to structural deformity in the muscle. The reflexive component is the

resistance that originates from the hyperactivity of the nervous system. The voluntary component is the

contribution of patient’s voluntary movement to the total resistance (Van Der Krogt et al., 2015). This

work leverages the fact that spasticity symptoms are altered when patients undergo general anesthesia

and therefore provide a convenient approach to probe the upper and lower range of spasticity manifested

in the same patient. Wemade measurements on 21 patients before and after sedation and during the tran-

sition period from alertness to sedation under general anesthesia. As anesthesia suppressed neural reflex

excitation (Fee and Miller, 2004; Jiang et al., 2020), this study facilitated self-consistent comparisons to

separate the neural and structural contributions to spasticity, which until now these contributions have

been very challenging to differentiate but are very important for identifying the underlying origins of spas-

ticity and symptom management (Fee and Miller, 2004; Smith et al., 2011; Sinkjær and Magnussen, 1994).

For example, it has been suggested that spasticity in patients with predominantly hyperactive reflexes was

likely to respond well to functional electrical stimulation, whereas other patients responded less well to the

same stimulation therapy (Alhusaini, 2013). Knowing the underlying cause of spasticity is essential for pre-

dicting whether a treatment would be effective for personalized care.

Furthermore, we related the torque andmovementmeasurements to biomechanical properties of muscles,

by fitting the collected data to an equation of motion based on a Hill-type muscle model (Siebert et al.,

2021; Meyer et al., 2011). The trends in fit parameters enabled us to pinpoint appropriate metrics for

ranking the severity of spasticity. In this article, we present a comparison scale that reveal changes of spas-

tic muscles in quantitative biomechanical parameters, paving a path to shift the diagnostic paradigm from

subjective perception to objective measurements for evidence-based patient care.

RESULTS

Our sensor glove in Figure 1A is comprised of an inertial measurement unit (IMU) on the dorsal side and

force-sensitive resistors on the palmar side (Amit et al., 2019; Yalcin et al., 2020; Jonnalagedda et al.,

2016). Spatial map of the force-sensing elements is presented in Figure S1. We integrated commercially

available sensors, and so the system can be readily duplicated for wide deployment. One feature of our

integration work is the synchronization of sensors in order to concurrently measure muscle resistance

and motion parameters. This multimodal approach enabled acquiring the dynamic characteristics of spas-

tic muscles to understand the motion-dependent muscle resistance. The conversions of sensor signals to

torque and motion data are shown in the STAR methods Section.

In terms of form factors, prior measurement schemes strapped sensors on the patient (Le-Ngoc and Jansse,

2012; Li et al., 2017; Ferreira et al., 2013; Lee et al., 2017; Seth et al., 2015; Wu et al., 2018; Song et al., 2018;

Bar-On et al., 2013); in contrast, our design puts the equipment on the evaluator instead. Here, the sensor

glove can be used to assess both arms and legs as shown in Figures 1B and 1C. Our design is more gener-

alizable than prior biomechanical modules, which were restricted to one extremity type because they were

specialized for specific muscles. Prior devices often had issues with poor fit to different patient sizes, a lim-

itation that our design overcomes. During evaluations using our sensor glove, the patient is passive; volun-

tary motion is not required from the patient, who may be physically incapable to comply with instructions.

The clinician wore the sensor glove to perform standardized flexion and extension maneuvers on patients

as normally done in perception-based assessments. To augment current clinical practice, the multimodal

glove equipped the clinician to simultaneously record the maneuver trajectories and the torque applied to

move spastic muscles, providing vital data for further biomechanical analysis.
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As a neuromuscular disorder, manifested by abnormal muscle stiffness, painful contractures, and jerky

movement (Figure 1D), the abnormal muscle resistance in spasticity can originate from (i) neural impair-

ment: hyperactivity of the nervous system that overly excites muscles and (ii) structural pathology: muscular

or connective tissue abnormalities due to denervation, dis-use, or immobilization (Fee and Miller, 2004;

Sinkjær and Magnussen, 1994). To better understand this complex combination of acute neural reflexes

and chronic effects on structural tissues due to spasticity, we used the sensor glove to track changes in mus-

cle characteristics as patients went under the influence of general anesthesia. The same clinician carried out

assessment maneuvers on 21 patients ranging from age 2–26 who received Phenol/Botox nerve block pro-

cedure as part of their spasticity treatment. Because anesthesia was necessary for the procedure, the

sensor glove measurements were piggybacking on an established process with no additional burden on

the patients.

While anesthetics were administered to the patient, the clinician performed flexion and extension maneu-

vers on the spastic limb continuously until the patient was fully sedated. In Figure 2A, the torque exerted to

move the patient’s limb was indicative of the resistance of the spastic muscle and steadily decreased as the

patient became sedated. For comparison to Figure S2 of the supplemental information, the measurements

taken on 3 healthy volunteers with no spasticity show that the applied torque was generally lower in the

healthy group due to less muscle resistance than the patients. Simultaneously, the IMU on the sensor glove

Figure 1. Spasticity measurement

(A) Spasticity assessment glove with IMU and force sensors for simultaneous tracking of motion and torque, respectively.

The current design can be used to assess the severity level of spasticity in (B) an arm and (C) a leg.

(D) Photographs of affected limbs due to spasticity (Reproduced with permission from Reference 7. Copyright 2013;

Taylor & Francis.).
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Figure 2. Exemplar measurements on a spastic elbow joint as the patient transitioned from being awake to

sedated under general anesthesia

The segments 1, 2, and 3 roughly correspond to awake, partially sedated, and fully sedated conditions.

(A) Torque versus time.

(B) Angular velocity versus time.

(C) Position of the IMU, indicating the trajectory of the IMU throughout the measurement.

(D) Angular velocity along the main axis of movement as determined from principal component analysis on data in part B.

Signals taken early in the induction (marked by the red box) were lower in velocity and more abrupt compared to the later

stage under full sedation (marked by the orange box).

(E) The evolution of torque versus angular velocity and (F) versus angular displacement as the severity of spasticity

decreased. The number labels correspond to the selected maneuver cycles as marked in parts (A and D). The arrows

indicate the data flow in the cycle.
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recorded the instantaneous maneuver velocity in three-dimensional (3D) space as shown in Figure 2B. The

maneuvers were found to be at higher velocities toward the end of the measurement (most prominent in

the x-direction), as the patient’s muscle resistance decreased in the sedated state. Under anesthesia, we

observed suppressed hyperactive reflexes typical of spastic states, suggesting diminished neural mis-fir-

ings under sedation. The reverse trend was observed as patients regained consciousness after the

anesthesia wore off, in which their muscle resistances significantly increased (Figure S3). In this work, we

examined the decrease in the severity of spasticity during anesthesia induction, particularly in aspects of

velocity dependence and catch phenomena. Then, the measurement data were correlated with biome-

chanical parameters, to develop an objective scale for comparing the severity levels of spasticity.

Quantifying the dynamic resistance of spastic muscles

The IMU on the sensor glove captured the maneuver trajectory at the location where the clinician held the

patient’s limb. The back-and-forth movement cycles of flexion and extension were visualized in 3D space in

Figure 2C, where the displacement coordinates were computed from integration of velocities from the

3-axis gyroscope in the IMU. The maneuver trajectory showed a main axis of motion that changes over

time. By applying principal component analysis (PCA) transformation, the angular velocity along the axis

of maximum motion was obtained in Figure 2D. As the anesthesia took effect on the patient, the velocity

signal showed less abrupt changes and was more similar to a sinusoidal waveform, indicating that the ma-

neuver motion was more fluidic and less jerky with the patient under sedation.

After the PCA transformation, the angular velocity along the axis of maximum motion was related to the

concurrent torque measurements. We then examined the muscle resistance as a function of movement ve-

locity. The muscle resistance was shown to be different for the flexion and the extension durations, as the

muscle groups involved are different. Flexion engages extensor muscles, while extension engages flexor

muscles. Note that to change motion directions between flexion and extension, the movement velocity

vmust reach zero at endpoints of each segment. Hence, we demarcated the segments by v = 0 and defined

the velocity vector during flexion to be positive and extension to be negative for elbows, and conversely for

knees. In our discussions, each maneuver cycle comprises of one flexion segment the consecutive exten-

sion segment.

In Figure 2E, we present 3 representative maneuver cycles at the high, medium, and low levels of spasticity

as denoted by the number and color labels in Figures 2A and 2D. When the patient was fully awake, the

resistance of the spastic muscle was highly dependent on the movement velocity and showed prominent

clasp-knife characteristics (Segment 1). Namely, the spastic muscle initially resisted being moved, as man-

ifested in the high torque at the start; but once in motion, the muscle resistance dropped rapidly akin to the

sudden closing of a clasp knife. In contrast, when the patient was fully under anesthesia, the measured tor-

que was nearly constant, indicating that the muscle resistance was independent of velocity and not trig-

gered by motion in sedated muscles with suppressed spastic reflex (Segment 3). Thus, in Figure 2E, the

evolution of velocity-dependent characteristics of spasticity was precisely captured for the progression

from stiff to more fluid movement. In addition, Figure 2F shows the torque as function of the angular

displacement. It was observed that when the patient was awake or only partially sedated, torque increased

with larger angular displacement. When the patient was fully sedated, the measured torque versus angular

displacement was nearly constant with minimal hysteresis.

Figure 3 shows the torque and motion parameters synchronized in time, with the white background desig-

nating flexion and gray for extension. As seen from the measurements, it took a longer time to complete a

flexion maneuver than an extension, indicating that it was harder to move in the flexion direction and more

pronounced spasticity in the extensor muscles. The difference in time to complete flexion and extension

maneuvers was reduced when the patient was sedated, as the muscle resistance related to spasticity

was lowered. In addition, the maneuvers were more fluid with the patient under sedation, as evident by

fewer peaks and less abrupt changes in motion parameters, such as the velocity and its first and second

derivatives (acceleration and jerk, respectively) in Figures 3D and 3E. The magnitude of the acceleration

and jerk parameters increased because with reduced spasticity the evaluator was able to quickly change

the maneuver from flexion to extension.

Another noteworthy measurement result in Figure 3 is the tracking of catch phenomena in spasticity. Catch

is described as an abrupt increase in the spastic muscle resistance in response to a fast passive movement
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before the end of the range of motion (Wu et al., 2018; van den Noort et al., 2010; Lynn et al., 2013). In the

awake state, there were peaks in the jerk values accompanied by sharp rises in torque. These jerk peaks with

rapid torque increase were indicative of catch events. The dashed blue line in Figure 3 indicates one of the

time points when a catch event occurred (the other times when catch was observed were at 6.1 and 6.9 s,

but they were not marked by dashed lines to avoid crowding the figure). During a catch phenomenon, there

was a sudden decrease in angular velocity, and the angular position showed a plateau, because limb flexion

was impeded due to the sudden increase in the muscle resistance.

Demonstrating an objective comparison scale based on biomechanical parameters for

ranking the severity of spasticity

The measurements collected during anesthesia induction showed dramatic reductions in spastic symp-

toms in a short period of 30 s and provided an opportunity to understand how biomechanical attributes

would be altered over a wide range of severity levels. We relate the torque and motion measurements

to biomechanical properties of muscles, by fitting the data to the following equation of motion:

tðq; tÞ = I
d2q

dt2
+B

dq

dt
+K q (Equation 1)

where t is the instantaneous torque as a function of angular displacement q at time t, d q/dt is the angular

velocity, d2 q/dt2 is the angular acceleration, I is the inertial mass, B is the friction coefficient, and K is the

spring constant.

The parameters I, B, and K as depicted in Figure 4A are correlated with the Hill’s muscle model (Siebert

et al., 2021), a mechanical model that represents biomechanical functions using contractile, damper,

and elastic elements (more details in Figure S4). The contractile element is ascribed to voluntary force gen-

eration through interactions between actin and myosin of the muscles, and it is not used in Equation 1

because in this study the patient muscles were not generating voluntary motion. The damper element ac-

counts for inelastic viscous damping in the soft tissues and is represented by a dashpot with the friction

coefficient B. The elastic element models the elasticity of muscles and is represented by a spring with

the spring constant K. In addition to the parameters from the Hill’s model, we included the term of inertial

mass (I) in Equation 1 to account for torque changes due to different limb sizes across patients. The same

model is applicable to both spastic elbows and knees.

The above I/B/K model in Equation 1 has been previously used to describe muscle properties (Perreault

et al., 2000). Based on the model alone, it cannot separate the neural (reflexive) and non-neural (passive)

contributions to muscle resistance, and could only provide an overall evaluation of the biomechanical

Figure 3. Data captured for flexion and extension

(A) Torque, (B) angular position, (C) angular velocity, (D) angular acceleration, and (E) angular jerk as a function of time for

the awake and sedated states, corresponding to Figure 2. Flexion segments are shown with the white background, and

extension in gray. The vertical dashed line in blue indicates one of the time points where a catch event occurred. The

horizontal dotted line denotes zero velocity and is a guide to determine the endpoints of flexion/extension segments.
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properties but not ascribe the mechanisms. However, here we used external conditioning through anes-

thesia induction to suppress the reflexive/neural component in the patient. In the initial stage when pa-

tients were awake, the clinician was moving against the forces contributed by both the non-neural (passive)

and the neural (reflexive) components, with the voluntary movement kept minimal. When patients were

sedated, the clinician wasmoving against only the non-neural (passive) forces that were the result of muscle

structural deformities.

The biomechanical parameters I, B, and K were extracted for individual maneuver cycles. As mentioned

before, each cycle was delineated by the condition of v = 0 which denoted the cross-over point when

the movement direction was switched between flexion and extension. After the segmentation of data

into maneuver cycles, the best-fit values of I, B, and K were computed by fitting Equation 1 to each cycle

of flexion and extension measurements. Examples of the fit results are shown in Figures 4B and 4C, which

present torque as a function of angular position and time, respectively. The model fitting lines were in

excellent agreement with the measurements for this instance, with a correlation coefficient of 93% for

the awake state and 96% for the sedated state. The great fit results indicated that Equation 1 is applicable

for spastic muscles.

Figure 5 displays trends in nominal measurements and changes in best-fit values of the biomechanical

parameters when the severity of spasticity decreased under anesthesia induction. This example shows

29 maneuver cycles during the induction period as presented in Figure 2. The average torque and the

torque distribution decreased by 5-fold in Figures 5A and 5B as the patient transitioned from being

awake to sedated. For each maneuver cycle, the torque distribution was extracted from the

Figure 4. Model fittings

(A) Schematic of the model parameters. Measurement data (asterisk points) and model-fitting results (black solid line) of

the applied torque as function of (B) the angular position at the corresponding (C) time, for one maneuver cycle in the

awake (left) and sedated (right) states. The arrows represent flexion (yellow) and extension (blue) direction of motion.
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corresponding histogram of torque values, in which the distribution was the value of one SD from the

mean. The movement fluidity was defined to be the correlation coefficient comparing the recorded ma-

neuver velocity to the best-fit sine function of y = a1*sin(b1*x + c1). The fluidity parameter was increasing

with later cycles in Figure 5C, as spasticity became less apparent with sedation. The biomechanical quan-

tities of I, B, and K in Equation 1 were varied to fit torque and motion data. The correlation coefficients of

fit results are shown for every maneuver cycle in Figure S5. Most of the correlation coefficients were

above 50%, and out of 29 fits, there were 7 outliers with correlation coefficient below 50%, in cycle

numbers 13–16 and 18–20. The outliers were probably interrupted maneuvers, in which the clinician devi-

ated significantly from the standardized motion. The poor fits with correlation coefficient below 50%

were excluded from subsequent analyses.

Figure 5. Measurement data and best-fit values of biomechanical parameters in Equation 1, for maneuver cycles

on a spastic elbow joint throughout the induction of anesthesia

(A) Average torque, (B) torque variation, (C) movement fluidity, (D) friction coefficient B, (E) spring constant K, and

(F) inertial mass I.

(G) Normalized radar plot displaying five parameters that change significantly with the severity level of spasticity. The

normalized axes were computed from dividing each parameter by the initial value when spasticity was at its highest

(100% = most severe). The color legend denotes the maneuver cycles, as the level of spasticity decreased from severe

(cycle #3, purple) to mild (cycle #29, red). The data points used to construct the chart in part G are color coded in parts A to

F correspondingly.

(H) Polygon area, defined as the area bounded by the parameter quantities on the radar chart, as a function of the

maneuver cycle number.
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During the awake to sedated transition, the friction coefficient B of the spastic elbow joint dropped by

200-fold in Figure 5D. The spring constant K decreased by 10-fold in Figure 5E. These trends reveal the

reduction of viscous damping and elastic energy storage in spastic muscles as neural reflexes was sup-

pressed by anesthesia. The large reduction in B is also evident in Figure 4B, which presents the torque hys-

teresis as a function of angular position. The hysteresis indicates an energy loss due to frictional drag. With

decreasing hysteresis areas observed during anesthesia induction, it implies less energy dissipation in

sedatedmuscles with lower resistance. Regarding the parameter of inertial mass I, the best-fit values in Fig-

ure 5F were relatively unchanged between the start and end of data collection. Such fit results are reason-

able, since the limb mass is not expected to change in the short measurement duration, while some of the

fluctuations in mass values might be due to slight shifts in the inertial center of mass during movement.

Based on the analysis in Figure 5, we identified the five parameters that were substantially altered when the

manifestation of spasticity changed under anesthesia. Figure 5G presents those parameters in a radar plot,

which offers a summarizing metric to compare the severity levels of spasticity. The axes are normalized to

highlight the changes in each parameter. For each maneuver, the data points on radial axes were con-

nected and visualized as a polygon. The polygon area decreased when the severity of spasticity was

reduced with sedation, as shown in Figure 5H. Thus, the polygon area can be used as a metric calculation

that links the five parameters to rank the severity of spasticity symptoms.

Using the radar plot approach, we analyzed the measurements collected from 22 different spastic limbs

and calculated the polygon areas at the highest and lowest level of spasticity for each individual case in

Figure 6. The measurements were done on 21 patients, in which an individual was evaluated for both

knee and elbow. The polygon area was computed from radial axes with different physical units; as such,

the area did not correlate with a single physical unit but was rather a plotting concept in an arbitrary

unit. The radar plots used to calculate the polygon areas in Figure 6 are provided in Figure S6. The param-

eters from 4 cycles in the completely awake or fully sedated state were averaged, and the variations among

the 4 cycles were indicated by the error bars of one SD. The data in Figure 6 were categorized according to

the inspected joints, which were knees and elbows.

Across the 22 cases here, the polygon area was a practical proxy for the severity level of spasticity and

decreased under the effect of anesthesia. The glove sensor data were able to show the change in muscle

resistance, whereas the corresponding Modified Ashworth Scale ratings lacked the resolution to provide

meaningful interpretation. The numerical values of polygon areas for the knees were generally higher

than the elbows, but this difference was mainly due to the higher torque exerted to move heavier knee

joints and did not necessarily signify that spasticity was more severe in knees than elbows. Additional

data collection will enable us to refine evaluation metrics in the future. One approach is to use the inertial

mass parameter to account for weight gain or fluctuations in patients over longitudinal studies. In our cur-

rent analysis method, we do not focus on cross-patient comparison given the uncertainties in considering

different body parts and patient sizes. However, intra-patient comparison of the polygon area values is

meaningful and self-consistent.

Considering an individual subject, the relative difference in polygon areas is reliable and reveals the contri-

bution of neural hyperactivities to spasticity in individual patients. In the fully awake state, the patient’s

spasticity was affected by both neural and structural pathologies; but in the fully sedated state, hyper-re-

flexes were diminished, thus removing neural contributions to spasticity. In the sedated condition, the

remaining muscle resistance was attributed to underlying mechanical structures. Long-term continuous

deformities in muscle structures may be caused by the persistent muscle contractions in spasticity as found

from biopsies (Smith et al., 2011). In Figure 6, majority of the cases showed large drops in polygon areas,

i.e., significant decreases in severity levels when neural reflexes were suppressed by anesthesia. However,

in 6 out of the 22 cases (Case #3, 10, 13, 19, 20, and 21), the changes in severity levels between awake and

sedated states were %22%. For these cases, the manifestation of spasticity appeared to be dominated by

chronically altered muscles in the affected limbs, and hence, eliminating neural mis-firings did not relieve

muscle resistance from abnormal structures.

Here, our measurement procedure to separate neural and structural contributions can offer important

clues on sources of spasticity to inform treatment decisions. For example, patients whose spasticity primar-

ily involved hyperactive reflexes may see immediate improvements with medications like Botox that act on
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the nervous system. For patients who do not show significant difference in severity (polygon areas) between

awake and sedated states, their muscle structures have been gradually altered by spasticity over a long

term. For them, treatments to relieve and prevent underlying structural problems may be necessary,

such as through surgery and physical therapy for restoring functions.

DISCUSSION

This report presents a new quantitative procedure to investigate the biomechanical and neural contribu-

tions to spasticity. The multimodal sensor glove in this study offers a convenient, versatile approach to

take bedside measurements that objectively monitor dynamic characteristics of spasticity, such as catch

symptoms and velocity-dependent resistance. The advantage of our portable system enables continuous

monitoring of patients during anesthesia induction. To the best of our knowledge, it is the first point-of-

care demonstration that captures large changes in muscle resistance that patients would experience

depending on the severity of their neural hyperactivities. These measurements leveraging anesthesia

are valuable for classifying underlying causes of spasticity, to delineate effects of reflex excitations and

structural abnormalities and inform treatment decisions for different individuals.

The evolution of torque and motion measurements during the sedation period provided a wide coverage

of severity levels in spasticity. Those data were well fitted with an equation of motion to identify changes in

biomechanical properties of the passive limbs. Biomechanical parameters including friction coefficient and

spring constant were shown to closely track the reduction in spasticity. In addition to those two biomechan-

ical parameters, we also used themeasured torque, torque variation, andmotion fluidity to develop a radar

scale connecting the five parameters as a metric to rank the level of severity in spastic knees and elbows.

Figure 6. Comparisons of the polygon areas calculated from measurements on spastic knee and elbow joints

Data are represented as +/� one SD. The values were averages of 4 maneuver cycles when patients were awake or fully

sedated, correlating to the maximum and minimum level of severity within each case. The percentage denoted for each

case represents the change in polygon area from awake to sedated states, with the calculation explained in the STAR

method. The Modified Ashworth Scale (MAS) rating taken during the awake state is presented for each case. The MAS

ratings under sedation were all 0 for every case. The ‘‘2/1+’’ means the MAS of flexor muscle was 2, while extensor muscle

was 1+. A single number such as ‘‘2’’ means the MAS for flexor and extensor were both 2. The ‘–’ means MAS for that

patient was not recorded.
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The metric is built on biomechanical basis and addresses a key problem of inconsistency in the current

benchmark scales based on perception.

This work presents opportunities to transform diagnostics and intervention of neuromuscular disorders

such as spasticity by augmenting subjective evaluations with objective metrics that can be gathered by

trained caregivers in addition to clinicians. With standardized measurements, the portable sensor glove

system can potentially facilitate at-home monitoring in the future and provide access to frequent, precise

measurements to manage patients’ chronic symptoms and improve their quality of life.

Limitations of the study

The limitations of this study include two items. The first is the choice in limiting measurements to patients

who needed surgeries that required general anesthesia. This choice afforded us the control to suppress

neural activities and consequently distinguish neural and structural contributions to spasticity in the current

study. However, for future studies, we should expand the patient pool to those that do not need surgery

and hence will not be subjected to anesthesia. The objective sensor glove measurements will be generally

useful on all patients for extracting biomechanical properties of their spastic limbs, and the new capability

to track those metrics as presented in this work will aid in monitoring treatment efficacies. The second lim-

itation is that this study has not yet examined the consistency in measurements taken by different raters. All

measurements here were done by the same clinician (Dr. Skalsky) to reduce uncertainties due to grip var-

iations. We have shown that the glove sensor measurements were reproducible and differed by less than

25% across different trials by the same rater, but with different raters, grip effects may be larger. This should

be evaluated in the future and probably be mitigated by implementing neural-network supervised learning

(Yalcin et al., 2020), which may also be useful in minimizing the intra-rater variability. Nonetheless, in com-

parisons between measurements carried out by two different raters on the same patients, the catch char-

acteristics were reproducibly captured as shown in Figure S7 in the Supplemental Information, and this

consistent result is promising for future inter-rater studies.
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d Data
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contact upon request.

EXPERIMENTAL MODEL AND SUBJECT DETAILS

Human studies

There were 21 human subjects in this study in total. The subject group was mixed gendered, with the age

range of 2–26 years old. All patients are cerebral palsy cases. The information regarding the limb diameters

and limb length (labeled as ‘grip’) can be found in the shared data file on Mendeley https://doi.org/10.

17632/2xg8y52skn.1. All measurements were taken with written informed consent of the patients and their

legal guardians and approved by UCSD Institutional Review Board #180115.

METHOD DETAILS

Data collection setup and device components

To collect and record the data from patient, the instrumented glove was connected to a laptop. The

pressure sensors (Tekscan 4256E) on the glove were connected to an analog-to-digital converter

(ADC) which passed the data to a hub and from there to a host computer. The host computer ran a

LabVIEW executable graphical user interface to capture the data and generate a CSV file for each

data collection trial.

REAGENT or RESOURCE SOURCE IDENTIFIER

Deposited data

Patient data this paper Mendeley Data Reserved https://doi.org/

10.17632/2xg8y52skn.1

Software and algorithms

MATLAB MathWorks https://www.mathworks.com/

products/matlab.html

Scripts for analyses this paper Mendeley Data Reserved https://doi.org/

10.17632/2xg8y52skn.1
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The multimodal instrumented glove incorporated resistive force sensors (Tekscan, 4256E) and an IMU

(MotionNode). To obtain the applied torque from the sensor glove, the signals from all the force-sensing

elements were added together. The summed signals were calibrated against standard weights to convert

into corresponding force values. Then to determine torque, the force value was multiplied by the grip dis-

tance, defined as the distance between the joint and the center of the glove, as shown in Figures 1B and 1C.

In our torque calculations, we assumed a 90� angle between the applied force vector and the limb being

evaluated (Figure S1). The angular velocity signals from the 3-axis gyroscope in the IMU were integrated to

extract movement trajectories in 3D space. Principal component analysis was implemented for the angular

velocity signals to determine the main axis of movement. Specifically, the pca function in MATLAB was

used. The angular velocity along the main axis of movement was integrated to obtain the angular position.

The same data were differentiated with respect to time, in which the first derivative was calculated to find

the angular acceleration, and the second derivative to find the angular jerk.

Spasticity evaluation procedure

The study included 21 cerebral palsy pediatric patients in the age range of 2–26 years old. All spasticity pa-

tients in this study underwent a surgical procedure that required general anesthesia. Per each individual

patient, the perception-based Modified Ashworth Scale rating was recorded along with the glove mea-

surements. A clinician performed the maneuver measurements with the sensor glove while anesthesia

was administered to the patients, to assess their spastic limbs throughout the anesthesia induction proced-

ure. The procedure of measuring from awake to sedated was much faster than our early trials, in which the

patients weremonitored when they were waking up from anesthesia. Here the experimental time frame was

in minutes, while waiting for patients to wake up fully from sedation took at least an hour. Wemeasured the

full transition without skipping any state in between awake and fully sedated states, whereas the reverse

order (sedated to awake) did not afford this opportunity as it would be very intrusive to continuously ma-

neuver the patient for an extended time.

Data analysis

All patient information and data were stored in a MATLAB structure array. A sample code that was used to

analyze patient data has been uploaded in Mendeley Data https://doi.org/10.17632/2xg8y52skn.1, and a

read-me file describing how to replicate all plots in this manuscript.

QUANTIFICATION AND STATISTICAL ANALYSIS

Software

MATLAB (MathWorks) and Excel (Microsoft) were used in this work.

Correlation coefficients in the IBK fits and the fluidity parameter

After the best-fit values of I, B, and K were computed by fitting Equation 1 to each cycle of flexion and exten-

sion measurements, the I, B, and K were plugged back into Equation 1 to get a simulated torque function.

Then theMATLAB function corrcoefwas used to calculate the correlation coefficient between the recorded

torque and the simulated torque. More details of the MATLAB corrcoef function can be found at https://

www.mathworks.com/help/matlab/ref/corrcoef.html.

The movement fluidity was defined to be the correlation coefficient comparing the recorded maneuver ve-

locity to the best fit sine function of y = a1*sin(b1*x + c1), using fittype(‘sin1’) MATLAB function.

Figure 6. Radar plot percentile change

The polygon area was calculated with the radar plots as shown in Figure S6. The polygon area’s percentage

change was denoted for each trial on the bar chart. The percentage change was calculated as
ðawake area� sedated areaÞ

awake area 3 100%.

Figure 6. SD and error bar of radar plot area

For each patient’s each limb, the radar plot area was the average of 4 maneuver cycles when patients were

awake or fully sedated (area used = the sum of all 4 maneuver cycles/4). The SD was calculated with the

same 4 maneuver cycles, and the size of sample was 4. The error bar shown in Figure 6 was set to be

one SD.
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Sample size

There were 21 individual subjects. The reported data included 22 different spastic limbs of the 21 subjects,

in which one individual was evaluated for both knee and elbow.
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