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ABSTRACT: The Modified Tardieu Scale is commonly used to assess spasticity by differentiating
between neural and mechanical resistance. However, its manual administration may reduce objectivity and
reproducibility. This study aimed to automate the Quality of Muscle Reaction (QMR) assessment in the
wrist flexors. To this end, we developed a Hand Spasticity Testing (HaST) device and QMR classification
model. The device integrates two inertial measurement units, surface electromyography sensors, and a force
sensor to record joint angle, angular velocity, muscle activity, and reaction force during passive wrist
extension. A classification model was then constructed using decision trees based on the acquired features,
with training and evaluation performed via leave-one-out cross-validation. Using the developed device, 19
participants with upper-limb spasticity were evaluated. Key features, such as the number of local maxima
in joint angle, velocity, and reaction force, along with other derived parameters, were extracted and
classified to estimate QMR grades (0-2). The proposed method achieved an overall accuracy of 76% and
a weighted average Fi-score of 0.76. These results demonstrate the feasibility of objective and automated
QMR quantification using the HaST device. The proposed system may serve as a preliminary screening
and documentation tool to support objective spasticity assessment in clinical settings.

Keywords: Stroke; Spasticity; Hand; Modified Tardieu Scale; Inertial measurement unit; Machine learning;
Decision tree
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1. Introduction

According to the Global Burden of Disease 2021 [1] and the World Stroke Organization Fact Sheet
2025 [2], approximately 94 million people were living with the effects of stroke worldwide in 2021, with
about 12 million new strokes occurring that year. Spasticity is a common sequela of stroke, defined by
Lance [3] as “a motor disorder characterized by a velocity-dependent increase in tonic stretch reflexes
(muscle tone) with exaggerated tendon jerks resulting from hyperexcitability of the stretch reflex, as one
component of the upper motor neuron syndrome”. Spasticity can severely impair activities of daily living
and gait function, thereby reducing health-related quality of life [4,5]. In addition, spasticity-related pain
and restricted joint motion may lead to secondary muscle weakness and joint contractures, negatively
affecting long-term prognosis. Therefore, accurate spasticity assessment is essential for planning effective
rehabilitation strategies tailored to individual patients.

Currently, spasticity is typically assessed in clinical settings using the Modified Ashworth Scale (MAS)
and Modified Tardieu Scale (MTS). The MAS, originally developed by Ashworth in 1964 [6] and later
modified by Bohannon and Smith [7], evaluates perceived resistance during passive movement on a six-
point ordinal scale (0, 1, 1+, 2, 3, 4). The MTS, proposed by Tardieu et al. [8], was subsequently refined
by the addition of range-of-motion measurements by Held and Pierrot-Deseilligny [9] and further modified
by Boyd and Graham [10]. In the MTS, spasticity is assessed based on two parameters: joint angle and
Quality of Muscle Reaction (QMR) during passive movement. Both the MAS and MTS demonstrate good
intra-rater reliability [11,12]; however, their inter-rater reliability remains inconsistent across studies [13—
15]. These findings suggest that, despite the clinical importance of accurately assessing spasticity, achieving
reliable and quantitative evaluation remains challenging.

In recent years, researchers have sought to enhance the objectivity of spasticity assessment using force
sensors, inertial measurement units (IMUs), and electromyography (EMG). Yamaguchi et al. [16]
demonstrated that a device composed of a dynamometer and angular velocity sensors enabled high-
precision evaluation of spasticity. Ahmad Puzi et al. [17] quantified MAS scores by applying machine
learning techniques to elbow joint angle and resistance torque data. Choi et al. [18] reported that visual
biofeedback using IMU and EMG signals improved the accuracy and reliability of lower-limb MTS
assessments in children with cerebral palsy. Although several studies have explored automation of MAS
scoring, research on automated evaluation of the MTS remains limited. The MTS comprises two
components: joint angle and QMR. While joint angle is quantitatively measurable, QMR depends on the
subjective judgment of the examiner, making objective evaluation difficult. Therefore, this study focuses
on QMR to address this challenge.

This study aimed to develop a novel Hand Spasticity Testing (HaST) device that enables objective and
automated evaluation of the MTS. The device integrates multiple sensors to record joint angles, EMG
signals, and examiner-applied forces, while a decision tree—based algorithm automatically classifies the
QMR. The principal novelty of this work is threefold: (i) to the best of our knowledge, this is the first study
to automate QMR scoring, as opposed to joint angle measurement alone, within the MTS framework for
the wrist joint; (ii) the HaST device uniquely instruments the examiner’s tactile perception via a handheld
force sensor, bridging the gap between subjective assessment and objective measurement; and (iii) the
wireless, wearable design enables bedside clinical use without constraining the standard MTS posture.

The functional requirements of the HaST device were defined in consultation with the clinical co-
authors. The key requirements were: (1) portability and wireless operation to enable bedside use in
rehabilitation wards; (2) joint-angle estimation accuracy within 5° RMSE, verified against an optical motion
capture reference; (3) simultaneous measurement of joint kinematics, examiner-applied force, and EMG;
and (4) automated classification output that does not require real-time interpretation. These requirements
informed the sensor selection and system architecture described in the following sections. Unlike joint angle
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measurement, QMR assessment depends strongly on the examiner’s tactile perception during rapid passive
movement, making objective quantification substantially more difficult.

2. Materials and Methods
2.1. HaST Device

The HaST device visualizes the examiner’s subjective perception and allows quantitative recording.
This device was designed specifically for wrist joint assessment. It can measure and visualize the reaction
force experienced by the examiner, the subject’s joint angles, and EMG signals during MTS assessment.
The hardware configuration comprises IMUs, EMG sensors, and a force sensor worn by the examiner. The
overall system architecture and communication scheme are illustrated in Figure 1.

For the IMU, compact wireless multifunction sensors (TSND151, ATR-Promotions, Kyoto, Japan)
were employed. The IMU could acquire three-axis angular velocity and three-axis acceleration at a rate of
100 Hz. Each unit was equipped with a 16-bit analog-to-digital input terminal, which allowed connection
to the EMG and force sensors. For EMG measurements, an amplifier (AMP-151, ATR-Promotions) and
electrodes (SE-C-AMP-H40, ATR-Promotions) were utilized. The amplification circuit included a
hardware bandpass filter with a frequency range of 10-500 Hz to suppress baseline fluctuations. A handheld
force sensor (MMT Commander, MF-104A A, Nihon Medix, Chiba, Japan) was used to measure reaction
force. The sampling frequency for both the EMG and force sensors was set to 1000 Hz.

The sensor cases for mounting the IMU and EMG amplifier on the subjects were fabricated using a 3D
printer. As shown in Figure 2a,b, the cases were attached to the dorsal sides of the hand and forearm.

For examinee
D e Dorsal forearm sensor case =+ b,

Dorsal hand
;" sensor case “

Analog - = EBluetooth
Force sensor Amplifier IMU

For examiner

Figure 1. System configuration of the Hand Spasticity Testing (HaST) device, illustrating the data flow between IMUs, EMG
sensors, the force sensor, and the PC interface.

(a) (b)

Figure 2. Sensor cases of the HaST device on the hand and forearm. (a) Dorsal hand sensor case; (b) Dorsal forearm sensor case.
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Medical-grade elastic belts secured the cases, while flexible materials were applied to the skin-contact
areas to ensure both safety and comfort. All acquired sensor data were transmitted to a PC via Bluetooth.
On the PC, data were monitored in real time using ATR-Promotions’ Sensor Controller software (version
4.0.0) for data acquisition and stored locally in CSV format for subsequent analysis.

During the MTS assessment, the HaST device was attached to the subjects as depicted in Figure 3. The
dorsal hand sensor case was fixed to the dorsal side of the second metacarpal using an elastic belt, whereas
the dorsal forearm sensor case was positioned at the midpoint between the radial head and styloid process.
EMG electrodes were placed on the flexor carpi radialis, and the ground electrode was attached to the
annular ligament on the non-paretic side. The examiner held the force sensor against the subject’s palm.

Dorsal hand sensor case (IMU)

Dorsal forearln senor case
~___ (IMU, EMG Amplifier)
I EMG sensor [ =

Figure 3. Subject and examiner wearing the HaST device.

All data were processed using MATLAB (MathWorks, Natick, MA, USA). The coordinate system
definitions for the joint angles and IMUs are illustrated in Figure 4. Here, a, and a, denote the
accelerations in the x- and z-directions of each sensor, respectively, while w, denotes the angular velocity

about the y-axis (positive clockwise). 8 represents the wrist joint angle of the subject.

Figure 4. Definition of wrist joint angle and coordinate systems of IMUs.

The wrist joint angle 6 was calculated using a complementary filter, as proposed by Colton and
Mentor [19]. This complementary filter is a sensor-fusion method that combines the gyroscope-integrated
angle, which is robust to high-frequency noise, with the accelerometer-derived angle, which is robust to
low-frequency drift. By initializing the filter with the accelerometer-derived angle, each IMU can estimate
its absolute orientation, and the wrist joint angle can be obtained from the difference between the two IMUs.
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The angle 8, is defined by Equations (1)—~(3), where 6, ,, is the angle derived from the accelerometer
output, and At is the sampling period.

Hn[O] = Gacc_n[o] (D
BOace [k] = atanz(az_nr ax_n) 2
Gn [k] = a(en [k - 1] + (‘)y_n [k]At) + (1 - a)gacc_n[k] (3)

Substituting n = 1, 2 into Equation (3) yields the wrist joint angle, as expressed in Equation (4).
Okl = 0,[k] — 6,[k] “)

The weighting coefficient a was set to 0.99 based on preliminary experiments that minimized the root
mean square error (RMSE) between the estimated angles and those measured using a motion capture system
(OptiTrack V120 Trio, SPICE). In five repeated trials of wrist flexion and extension, the RMSE was
confirmed to be below 5. Furthermore, data obtained from the force sensor were processed using a fourth-
order bandpass filter with a cutoff frequency of 10 Hz.

2.2. Experimental Protocol

This study was conducted in accordance with the Declaration of Helsinki and was approved by the
Ethics Committees of Nagoya Institute of Technology (No. 2020-001) and Shonan University of Medical
Sciences (No. 24-045). All participants provided written informed consent before the measurement.

To acquire various data using the HaST device and develop a QMR classification algorithm for the
MTS, an experimental study was conducted. Nineteen poststroke patients with hemiparesis participated.
The MTS assessment was performed on the wrist joint while all participants wore the HaST device. The
demographic characteristics of the participants are summarized in Table 1.

Table 1. Information of 19 participants.

No. Sex Age Paralyzed Hand Period of Onset [Years] Remarks
1 F 51 L 8.5 Putaminal hemorrhage
2 M 72 L 18.9 Cerebral infarction
3 M 67 L 3.3 Cerebral infarction
4 F 60 L 11.9 Lacunar infarction
5 F 66 L 12.3 Subarachnoid hemorrhage, cerebral infarction
6 F 60 R 11.2 Putaminal hemorrhage
7 M 72 R 14.8 Intracerebral hemorrhage
8 M 58 L 10.7 Putaminal hemorrhage
9 M 62 L 4.5 Putaminal hemorrhage
10 M 66 L 2.5 Cerebral infarction
11 M 52 L 10.4 Intracerebral hemorrhage
12 F 29 R 17.8 Cerebral arteriovenous malformation
13 F 61 R 12.3 Intracerebral hemorrhage
14 F 65 R 12.1 Intracerebral hemorrhage
15 M 52 R 16.1 Intracerebral hemorrhage
16 M 54 R 12.6 Intracerebral hemorrhage
17 M 60 L 14.8 Putaminal hemorrhage
18 F 69 L 12.3 Putaminal hemorrhage
19 F 69 L 9.9 Cerebral infarction

Mean+ M=10;F

+ =7;L= + -
D _9 60.26 £10.03 R=7;L=12 11.41+4.43
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The MTS, as proposed by Boyd and Graham [10], evaluates spasticity by passively flexing and
extending the joint. Its evaluation consists of two components: joint angle and QMR. Joint angle
measurement involves performing passive motion at V1 (“as slow as possible”, slower than the natural drop
of the limb segment under gravity) to determine the passive range of motion (R2). Subsequently, passive
motion is performed at V2 (natural limb drop speed) or V3 (“as fast as possible”, faster than the natural
drop rate of the limb segment under gravity) to measure the angle of catch (R1). The term “catch” refers to
the momentary resistance perceived by the examiner when the muscle suddenly resists during passive
movement, typically at V2 or V3 speeds. The QMR was evaluated subjectively by the examiner using a
six-point scale (0-5), during passive motion at V2 or V3.

The QMR scoring during MTS evaluation was performed by an experienced therapist with over 30 years
of clinical practice. The experimental procedure is illustrated in Figure 5. In addition to data reflecting
spasticity, data under reduced-spasticity conditions were obtained using the Piston Device for Fingers (PDFin)
[20] to expand the dataset for the automated evaluation of QMR. PDFin was developed to simulate the manual
therapy technique known as the “piston finger technique” [21], which aims to reduce spasticity. Previous
studies have indicated that a 30-s intervention using PDFin improved MAS scores in post-stroke hemiparetic
patients [20]. Consequently, the device was adopted in this study as a method to reduce spasticity.

Repeat 2 times Repeat 2 times
Slow Fast Intervention Slow Fast
Start Stretch >> Stretch > PDFin 30s > > Stretch >> Stretch End
MTS MTS

Figure 5. Experimental procedure.

The MTS measurements were conducted with the participants seated at the edge of a chair, with the
elbow joint maintained at 90° flexion, as described by Boyd and Graham [10]. In accordance with the MTS
procedure, each measurement consisted of a slow stretch followed by a fast stretch. Two measurements
were taken before and after the 30-s PDFin intervention, resulting in a total of four measurements per
participant. Repeated measurements were conducted to obtain a broader range of QMR grades while
minimizing participant fatigue, which is important in post-stroke populations. As spasticity has been
observed to fluctuate not only between repeated trials but also following the PDFin intervention [21], it was
deemed necessary to incorporate all data from measurement sessions into the model development process.

2.3. Feature Extraction and Classifier Evaluation

Prior to feature extraction, data corresponding to slow stretches and QMR 3 were excluded from the
analysis. According to the MTS measurement procedure, both slow and fast stretches were performed.
However, for the development of the QMR classification algorithm, data from slow stretches that did not
contribute to the QMR assessment were excluded from the analysis. The numbers of samples for QMR
levels 0, 1, and 2 were 16, 30, and 25, respectively. In contrast, QMR 3 contained only 5 samples, which
were insufficient compared to QMR 0-2, and led to an imbalanced distribution across QMR grades;
therefore, QMR 3 data were excluded from further analysis. In addition, missing values were observed in
the data obtained from three participants, and linear interpolation was applied to compensate for these
missing points.

The start and end of a fast stretch were defined as the moments when the angular acceleration reached
20% of its maximum value and when the maximum joint angle was first reached, respectively. In this study,
the features listed in Table 2 were used to develop the classification algorithm for QMR-level identification.
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The EMG sensor was equipped to allow the examiner to monitor muscle activity. Preliminary analysis
revealed high inter-session variability in EMG amplitude due to repositioning of surface electrodes and
variation in skin impedance across participants. This variability reduced the reliability of EMG features
(e.g., RMS amplitude, zero-crossing rate) in the LOOCV framework with the present small sample size.
Therefore, in this experiment, the EMG data were not used for constructing the classification model. Future
studies with standardized electrode placement protocols and larger cohorts may benefit from incorporating
EMG features into the classification pipeline.

Table 2. Notation and definition of features.

Symbol Description
RMSE, RMSE between the measured joint angle data and the fitted logistic function
Ny Number of local maxima of the joint angle
Ng Number of local maxima of angular velocity
Frax Maximum reaction force
Atg  r—Fnax Time difference between the attainment of maximum joint angle and peak reaction force
Ng Number of local maxima of the reaction force
Ng Number of local maxima of the derivative of the reaction force

For the feature RMSEj, the logistic function defined in Equation (5) was used.
a
y(®) = T4 e-be—o " d (%)

The logistic function was chosen because the passive wrist extension trajectory during a fast stretch
follows a sigmoidal pattern: the wrist starts near maximum flexion, rapidly transitions through the extension
arc, and plateaus near maximum extension. When a spastic catch occurs, this smooth trajectory is perturbed
by abrupt angular changes or oscillations, and the residual between the measured trajectory and the fitted
smooth sigmoid, quantified as RMSE,, captures this irregularity. Nonlinear least-squares fitting was
applied to the temporal profile of the joint angle, and parameters a, b, ¢, and d were estimated to
represent the amplitude, slope, inflection timing, and offset, respectively. Representative fitted parameter
ranges observed in the dataset were: amplitude a =~ 91-145°, steepness b ~0.0198-0.0410 ms ™!, inflection
time ¢ = 37-94 ms, and initial offset d = —93 to —44°. These values are provided only to illustrate the
typical fitting behavior of the logistic model. A representative comparison between measured and fitted
angle trajectories for QMR 0, 1, and 2 is shown in Figure 6.

Measured Angle Fitted logistic function
60 - ‘ ‘ 60 - ‘ - 60
40 40 t 40
o 20 20 20
=
2
%ﬂ 0 0r 0r
g
2 20 —20 -20
—40 140 1 —40 & 1
RMSE,;=0.795 RMSE,; =2.063 RMSE,; = 6.606
—60 : : : —60 : : = —60 : :
0 0.05 0.1 0.15 0 0.2 04 0.6 0 0.5 1
Time [s] Time [s] Time [s]

Figure 6. Representative joint angle trajectories during fast passive extension for (left) QMR 0, (middle) QMR 1, and (right)
QMR 2. Positive and negative values indicated extension and flexion, respectively.
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The hyperparameters of the decision tree were optimized using Bayesian optimization. Given the
limited number of data samples (n = 71), leave-one-out cross-validation (LOOCV) was adopted for both
hyperparameter search and model evaluation to fully utilize the available dataset. The performance of all
classifiers was assessed based on the predictions obtained from LOOCV.

The classifier performance was visualized using confusion and normalized confusion matrices. In these
matrices, the diagonal cells (top left to bottom right) represent correctly classified samples. Higher values along
the diagonal indicate better classification accuracy. The shading of each cell corresponds to its value, with dark
green representing higher values. Thus, a confusion matrix with a dark diagonal indicates high accuracy.
Classifier performance was further evaluated using precision, recall, and Fi-score, defined in Equations (6)—(8),
where TP, FP, and FN denote true positives, false positives, and false negatives, respectively.

Precision = L 6
recision = TP + FP (6)
Recall = L 7

U TTP + EN @

2(Precision - Recall)
Fl =

®

Precision + Recall

To address the unequal number of samples across QMR grades, weighted averages of precision, recall,
and Fi-score were calculated, as shown in Equations (9)—(11). Here, n; represents the number of samples in
QMR grade i (i =0,1,2),and Precision;, Recall;, and F,; denote the respective metrics for QMR 1i.

2

Z(ni - Precision;)

i=0
2

i=0

2
Z(ni - Recall;)

Recall_weighted = = (10)

Precision_weighted =

(€)

o

i=

i(ni " Fy)

Fy_weighted = =>—— (11)

2
n;
i=0

The overall classifier performance was also assessed using accuracy, as defined in Equation (12).
Accuracy represents the ratio of correctly classified trials to the total number of trials and is widely used to
evaluate the performance of classification models. Here, N_correct denotes the number of correctly classified
instances (i.e., the total number of true positives across all QMR grades), and N_total denotes the total number
of data samples used for training.

N_correct

Accuracy = N total 12)
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3. Results

The decision tree was trained using the features listed in Table 2. The resulting classifier, trained on
the entire dataset, is illustrated in Figure 7.

Yes —— NF < 45
Instances = 71

Frax < 3.22 RMSEy < 2.80
Instances = 42 Instances = 29
Ade 2T R Ade 3T
N; <15 Ny <35 QMR 1 QMR 2
Instances = 24 Instances = 18 Instances = Instances = 21
Node 4 ™~ R Node 5 T,
QMR 1 Atg,, —Fnay < 42.5 QMR 1 QMR 2
Instances = 8 Instances =16 Instances = 11 Instances = 7
Node 6 .
QMRO QMR 1
Instances = 11 Instances = 5

Figure 7. Decision tree classifier for QMR classification based on features extracted from joint angle and force data.

The conditions at each branch represent the splitting rules. In each node, “Yes” indicates that the condition
is satisfied and is shown by a solid line, whereas “No” signifies that the condition is not satisfied and is shown
by a dashed line. To optimize the hyperparameters of the decision tree, MinLeafSize, MaxNumSplits, and
SplitCriterion were selected and tuned using Bayesian optimization. The optimal parameters were determined
as follows: MinLeafSize = 2, MaxNumSplits = 22, and SplitCriterion = “twoing2”.

The relationship between the predicted and true values, estimated using LOOCYV, is shown as both a
standard confusion matrix and a normalized confusion matrix in Figure 8. Diagonal cells indicate correctly
classified instances, whereas off-diagonal cells represent misclassifications. The intensity of green shading
in each cell corresponds to its magnitude, with darker green indicating higher values. The normalized
confusion matrix allows fair comparison of performance across classes with unequal sample sizes.

0 10 4 2 0| 0.63 0.25 0.13
° i)
S S
o 1 3 22 5 o 1| 0.10 0.73 0.17
2 =
= ~

2 3 22 2 0.12 0.88

0 1 2 0 1 2
Predicted label Predicted label
(a) (b)

Figure 8. Confusion matrices for QMR classification. (a) Standard confusion matrix; (b) Normalized confusion matrix.
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Classifier performance was further evaluated using precision, recall, and Fi-score, which provide a
quantitative assessment under an imbalanced QMR grade distribution that accuracy alone cannot capture.
The TP, FP, FN, and TN values for each QMR grade are summarized in Table 3, while precision, recall,
Fi-score, and their weighted averages are listed in Table 4. The proposed approach achieved an overall
accuracy of 76% for QMR classification (grades 0—-2). Notably, the classification performance for QMR 2
(responses with a clear catch) was high, effectively distinguishing it from QMR 0.

Table 3. TP, FP, FN, and TN values for QMR classification.

QMR TP FP FN TN
0 10 3 6 52
1 22 8 34
2 22 7 3 39

Table 4. Precision, recall, and F-score for QMR classification.

QMR Precision Recall Fi Instances
0 0.77 0.63 0.69 16
1 0.76 0.73 0.75 30
2 0.76 0.88 0.81 25
Weighted average 0.76 0.76 0.76 71

To assess the appropriateness of the decision tree as a classifier, two additional classifiers, a polynomial
kernel support vector machine (SVM) and a weighted k-nearest neighbor (k-NN), were evaluated using the
same feature set and LOOCYV procedure. The decision tree exhibited superior performance compared to
both alternatives (see Table 5). Its interpretable structure offers an additional advantage in clinical contexts
where transparency in the classification process is required.

Table 5. Classifier comparison using leave-one-out cross-validation on the same feature set.

Classifier Accuracy [%] Optimized Hyperparameters
MinLeafSize = 2, MaxNumSplits = 22,
SplitCriterion = twoing2
BoxConstraint = 0.0089,
KernelFunction = polynomial
NumNeighbors = 2, Distance = cityblock,
DistanceWeight = equal

Decision Tree 76

Polynomial kernel SVM 59

Weighted k-NN 73

4. Discussion

The present study should primarily be interpreted as a feasibility study demonstrating the possibility
of objective and automated QMR quantification rather than as a fully deployable clinical diagnostic system.
The overall accuracy of 76% achieved by the proposed system is comparable to that reported by Ahmad
Puzi et al. [17] for MAS automation (76-84%) and represents an encouraging first step toward automated
QMR scoring within the MTS framework. Although further validation using larger independent cohorts
will be necessary for broader clinical application, the present findings support the feasibility of objective
QMR quantification using wearable sensor measurements and suggest the potential utility of the proposed
system as a preliminary screening and assistive documentation tool.

To interpret the classification results, the relationships between the selected features and the clinical
definitions of each QMR grade were analyzed. This section discusses how the features extracted at each
node of the decision tree correspond to the characteristic mechanical responses observed during passive
wrist movements.
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At Node 3, RMSEy was selected as the feature to distinguish between QMR 1 and QMR 2. This
selection aligns with the clinical definitions: QMR 1 is defined as “no clear catch at a precise angle”,
whereas QMR 2 is defined as “clear catch at a precise angle”. In QMR 2, the occurrence of a catch during
passive movement likely caused abrupt changes or oscillations in the angular trajectory, resulting in greater
variability in the angle waveform and thus an increased RMSEg. Therefore, RMSE, may serve as an
indicator reflecting the presence or absence of a catch.

At Node 4, N was selected as the feature to separate QMR 1 from the group containing both QMR
0 and QMR 1. The classification rule indicated that smaller values of Ny corresponded to QMR 1. QMR
0 is defined as “no resistance throughout the course of passive movement”, suggesting that the reaction
force at the maximum joint angle tends to be higher than that during passive movement, appearing as a
noticeable change in the force slope. In contrast, QMR 1, defined as “slight resistance throughout the course
of passive movement”, is characterized by smaller changes in the reaction force compared with that at the
maximum joint angle, leading to a lower Ny value.

At Node 5, N, was selected as the feature to classify between QMR 1 and QMR 2. The presence of
a catch, which is a characteristic of QMR 2, likely interrupted the constant extension motion, causing
temporary decreases in joint angular velocity and multiple changes in the slope of the angle—time curve.
Consequently, the frequency of angular velocity changes, represented by N, increased and exhibited
higher values in QMR 2. Thus, N, can be considered an effective feature that reflects the irregularity in
angular change induced by the presence of a catch.

AtNode 6, Aty was selected as the feature to classify between QMR 0 and QMR 1. In QMR
0, no apparent resistance was observed during passive movement, and the reaction force tended to reach its
maximum value at the maximum joint angle. Conversely, in QMR 1, slight resistance occurred earlier
during passive movement, causing the maximum reaction force () to appear before the maximum joint
angle. As a result, a clear difference was observed in Aty _p ~—the time difference between the
maximum joint angle and Fna—making it an effective indicator for distinguishing between QMR 0 and
QMR 1. These findings suggest that quantifying the examiner’s tactile perception using force sensors could
bridge the gap between subjective and instrumented assessments of spasticity.

The performance requirements depend on the intended clinical application and implementation context.
Therefore, in this study, the evaluation results of the proposed classifier were compared with those of
previous studies addressing similar research objectives. The study by Ahmad Puzi et al. [17] was selected
as the reference for upper-limb spasticity diagnostic support. A comparison between the two studies is
presented in Table 6. The comparison presented in Table 6 is intended as a contextual benchmark rather
than a direct equivalence comparison. The two studies differed in terms of the following: assessment scale
(MTS vs. MAS), target joint (wrist vs. elbow), participant characteristics, and sensor modalities. The direct
comparison of the accuracies of these two systems is inherently limited. Notably, the paucity of automated
MTS-QMR studies in the extant literature underscores the novelty and necessity of the present work. Choi
et al. [18] investigated the use of automated MTS assessment for lower limb spasticity using biofeedback.
However, this study did not report a QMR classification accuracy suitable for direct comparison. The
necessity of future multi-site studies with standardized protocols is paramount for establishing benchmarks
for automated MTS scoring. This study differs from the previous work in that the evaluation focused on
the MTS rather than the MAS, thereby enabling the assessment of velocity-dependent spasticity. Studies
investigating automation algorithms for the MTS are limited, and future studies should include validation
with larger sample sizes. In this study, the wrist was selected as the target joint. Although the wrist has high
clinical significance owing to its direct involvement in activities of daily living, its complex structure with
multiple degrees of freedom makes it more susceptible to measurement errors. Furthermore, while earlier
studies compared multiple machine learning algorithms, this study analyzed only the decision tree. As
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dataset sizes increase in future studies, the applicability of alternative methods, including neural networks,
should be explored.

Table 6. Contextual benchmarking with previous studies from multiple perspectives.

Comparison Item This Study Previous Study [17]
Spasticity assessment method Modified Tardieu Scale (MTS) Modified Ashworth Scale (MAS)
Number of classes 3(0,1,2) 3(0,1,2)
Number of participants 19 25
Number of instances 71 25
Target joint Wrist joint Elbow joint
Sensor data Angle, Force Angle, Torque
Linear support vector machine (SVM),
Type of machine learning Decision tree linear discriminant analysis (LDA),
weighted K-nearest neighbor (KNN)
Classifier performance Accuracy: 76% Accuracy: 76-84%

This study has several limitations. First, the dataset comprised 71 samples obtained from 19
participants, which may have compromised the statistical reliability and generalizability of the reported
classification performance (95% CI for accuracy: approximately 65-85%). Although LOOCV was adopted
to maximize the use of available data, its estimates may exhibit high variance when the sample size is
limited. Therefore, validation using a larger independent cohort is necessary in future studies. Second, all
QMR labels were assigned by a single experienced therapist. While this ensured consistency in labeling,
inter-rater reliability was not evaluated formally. In contrast, sensor-derived measurements, including joint
angles and reaction forces, are examiner-independent and reproducible. Therefore, future studies should
investigate inter-rater reliability using multiple examiners. Third, the classifier was trained only on QMR
grades 0-2 because the number of QMR 3 samples was insufficient for reliable training. Consequently, the
current system cannot appropriately classify severe spasticity cases corresponding to QMR grades 3—-5. As
an interim solution, the system could potentially output a “grade > 3: refer to clinician” warning when
extracted features fall outside the distributions observed in the training dataset. Future studies should
include additional data collection for higher QMR grades and the development of classifiers capable of
handling the full MTS scale. Fourth, the PDFin intervention may have introduced carry-over effects on
spasticity levels between measurement sessions, meaning that post-intervention QMR grades may not
reflect the participant’s baseline spasticity. Although this variability was deliberately exploited to broaden
the QMR distribution in the training dataset, it is possible that it may have introduced label noise, which
could have a detrimental effect on classification performance. Subgroup analyses by sex, age, and paretic
side were not feasible due to the limited sample size. These participant-related factors may influence
spasticity characteristics and should be investigated in future larger-scale studies. Despite these limitations,
this study demonstrates the feasibility of an objective and automated QMR assessment using wearable
sensor measurements.

5. Conclusions

In this study, we developed the HaST device, which enables visualization of wrist joint angles, reaction
forces, and EMG signals. We proposed an automated approach for MTS assessment by applying a machine
learning algorithm to automatically classify QMR.

Using the extracted features, a decision tree classifier was trained, and its overall performance was
evaluated using LOOCV. The resulting accuracy was 76%, with weighted precision, recall, and Fi-score
all equal to 0.76. In particular, the discrimination rate for QMR 2 was high, indicating effective
differentiation from QMR 0.
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Future work will focus on extending the HaST device and classification algorithm to other joints, as
well as incorporating deep learning models to further enhance the objectivity and clinical applicability of
MTS assessment.
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