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Abstract
Background
Upper-limb rehabilitation robots provide repetitive reaching movement training to post-stroke patients. Beyond a pre-determined set of movements, a robot-aided training protocol requires optimization to account for the individuals’ unique motor characteristics. Therefore, an objective evaluation method should consider the pre-stroke motor performance of the affected arm to compare one’s performance relative to normalcy. However, no study has attempted to evaluate performance based on an individual’s normal performance. Herein, we present a novel method for evaluating upper limb motor performance after a stroke based on a normal reaching movement model.

Methods
To represent the normal reaching performance of individuals, we opted for three candidate models: (1) Fitts’ law for the speed-accuracy relationship, (2) the Almanji model for the mouse-pointing task of cerebral palsy, and (3) our proposed model. We first obtained the kinematic data of healthy (n = 12) and post-stroke (n = 7) subjects with a robot to validate the model and evaluation method and conducted a pilot study with a group of post-stroke patients (n = 12) in a clinical setting. Using the models obtained from the reaching performance of the less-affected arm, we predicted the patients’ normal reaching performance to set the standard for evaluating the affected arm.

Results
We verified that the proposed normal reaching model identifies the reaching of all healthy (n = 12) and less-affected arm (n = 19; 16 of them showed an R2 > 0.7) but did not identify erroneous reaching of the affected arm. Furthermore, our evaluation method intuitively and visually demonstrated the unique motor characteristics of the affected arms.

Conclusions
The proposed method can be used to evaluate an individual’s reaching characteristics based on an individuals normal reaching model. It has the potential to provide individualized training by prioritizing a set of reaching movements.
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Background
Reaching movement (RM), among the most important recovery goals of stroke rehabilitation, represents inter-joint coordination in activities of daily living [1]. Rehabilitation robots can provide repetitive reaching training to post-stroke patients, whereas conventional rehabilitation modalities are labor intensive [2–4]. Beyond a predetermined and fixed set of movements, the training protocol will be more effective when optimized based on patient-specific needs for motor recovery [5–7]. Hence, the individualization of robotic therapy is required to account for an individual’s unique motor characteristics, resulting in varying motor performance and learning capacities [8, 9]. Therefore, an evaluation method that can objectively identify a patient’s motor characteristics is required for individualized robot-aided reaching training.
A well-established rehabilitation process entails the evaluation of the progress and effect of robotic intervention on an individual’s rehabilitation goals [10, 11]. Because the process would be directing an impaired task to progress toward a normal task [12–14], the evaluation of the RM needs to address the level of motor impairment of the affected limb based on the individual’s pre-stroke motor capacity, to demonstrate one’s reaching performance level relative to normalcy. Particularly, it is well known that understanding one’s desired recovery is a significant biomarker for prescribing the rehabilitation dose [15]. Hence, normal reaching characteristic information, which varies across individuals [8], needs to be the standard that sets a basis for the patients’ current reaching performance.
Several studies have utilized evaluation methods based on kinematic characteristics for the upper-limb motor ability and function in post-stroke patients during robot-aided therapy [9, 16–20] and have characterized the relative motor deficits of the affected limb in various directions or distances. However, they did not evaluate motor characteristics based on an individual’s normal performance; thus, the training effect was relatively evaluated before and after treatment, which does not consider the individual’s rehabilitation goal [9, 16–20]. In contrast, evaluating a patient’s current performance based on their normal performance provides an individually scaled motor deficit, which results in an objective evaluation of the robot-aided therapeutic effect. Therefore, it is necessary to understand the normal (original) reaching performance before stroke onset in a patient-specific manner to enhance the evaluations of individualized robotic reaching training.
However, it is unfeasible for patients to possess knowledge or data on their quantified normal reaching performance. Thus, an estimation method that can identify the before-onset reaching abilities of individuals is required. A plausible approach for estimating the patients’ normal reaching performance is to model the performance based on their less-affected arm; however, to the best of our knowledge, no such attempt has been made to date. Based on several studies that reported the similarity in motor performance between the post-stroke patients’ less-affected arms and healthy individuals’ arms [21–23], we posit that this approach could represent the normal reaching ability of post-stroke individuals. Here, the model needs to (1) represent one’s normal reaching ability well, and (2) not characterize one’s erroneous RM. Such a model can take task information (i.e., target distance) and human kinematic information (i.e., movement speed) as inputs and predict the movement time of the normal RM as an output.
Despite the above approach, the issue of how to model the less-affected arm persists. Several statistical models have captured quantifiable reaching characteristics [24–26]; however, to the best of our knowledge, there is no appropriate model for evaluating the normal RM of stroke. Fitts’ law, which is the most well-known reaching model [24], has been applied to quantify the reaching performance of stroke survivors. Although this method was simple and feasible for motor recovery, the results showed model inaccuracy under Fitts’ law [27]. This poor accuracy of Fitts’ law was also indicated by another study that modeled the reaching-related movements of patients with cerebral palsy (CP) [26]. To improve accuracy, a novel model that showed good accuracy was developed for CP movements [26]. However, the model was too complex and was not validated by the RM of stroke survivors.
This study developed a novel evaluation method for individualized reaching training. We first identified a novel normal reaching model and formulated a method for evaluating motor deficits based on the proposed model of the less-affected arm. We then utilized the evaluated metrics to express an individual’s motor deficit as a contour map of the workspace [19, 20]. To validate the results, statistical analyses were conducted using experimental RM data collected from 12 healthy subjects and 19 patients with stroke. The results showed that the proposed method could enable individually scaled RM evaluation by comparing the performance of the affected arm with that of the normal reaching model of the less-affected arm.

Methods
Individually scaled evaluation method
In this subsection, we present candidate reaching models for describing the normal RM and explain how we derived the normal reaching model for post-stroke patients. Subsequently, based on the model, we defined the individually scaled performance index and visually mapped it for the evaluation method (Fig. 1).[image: ]
Fig. 1Development process of individually scaled evaluation method. The blocks of the development procedures are denoted with marked circles in the following sections in Methods. Once an appropriate model for a normal RM is established, A.2 and A.3 are the general steps for utilizing the proposed evaluation method


Model formulation for normal reaching movement
Reaching models quantitatively describe an individual’s unique performance, and such models use kinematic variables as the inputs and yield the movement time as the outputs. To establish an appropriate normal reaching model, we first studied the characteristics of two existing models: Fitts’ law and a reaching-related model of CP [19–21]. We then deduced a normal reaching model using these models.
Fitts’ law, the best-known reaching model [24], is described as follows:[image: $${T}_{M}=a+b\times {\mathrm{log}}_{2}\left(\frac{2A}{W}\right)$$]

 (1)


where TM denotes the movement time, A and W are the reaching target distance and width, respectively, and a and b are the intercept and slope of the linear model, respectively. Fitts’ law was not originally proposed to accurately capture the characteristics of RM, but instead focused on the speed–accuracy tradeoff in RM with various target sizes and lengths [24]. Hence, (1) contains only target-related environmental variables and does not include any behavioral variables (those related to an individual’s behavior) that could also affect TM. For instance, there is no variable in (1) that reflects the fluctuation of the movement speed with the same target (A and W). Notably, the target size is usually fixed in a robotic reaching training task for rehabilitation because the fixed target size is recommended by Fitts’ law [28], and the speed–accuracy tradeoff is not the main issue [4, 20, 28, 29]. This implies that (1) is insufficient to accurately model RM characteristics, and this was supported by an attempt to apply (1) to describe RM in stroke patients; the result showed poor modeling accuracy [27]. It should be noted that there is another form of Fitts’ law, including the error rate [30]. However, we did not use the form with the error rate to consider their impaired movement [20, 29, 31] because the robotic reaching tasks for post-stroke patients have been a type of errorless form [30] of reaching, such as disc or pin transfer tasks [24, 32].
To improve and maximize the reaching modeling accuracy, one study reported a sophisticated reaching model that incorporated both environmental and behavioral variables, even when considering erroneous human behaviors [26]. We refer to this model as the Almanji model, and it accounts for a reaching-related (mouse pointing) movement in CP and is expressed as follows [26]:[image: $${T}_{M}={e}^{k}\times {A}^{\alpha }\times {AS}^{\beta }\times {\left(EC+1\right)}^{c}{\times {\left(NS+1\right)}^{d}\times (NSO+1)}^{e}\times {CI}^{f}$$]

 (2)


where AS denotes the average speed of movement; EC the erroneous clicks; NS the number of submovements [26]; NSO the number of slip-offs; CI the curvature index [26], and [image: $$\alpha , \beta$$], c, d, e and [image: $$k$$] are the model parameters. Model (2) is more appropriate than (1) in terms of the modeling accuracy. However, it still has limitations in the target movement and objective of the model. Regarding the former, the target movement of (2) was a mouse-pointing task; thus, (2) contained variables related to mouse clicks, including EC and NSO. However, our target reaching task does not require a mouse click to discriminate the success of the task, hence EC and NSO were not of interest. Hence, model (2) must be simplified as follows:[image: $${T}_{M}={e}^{k}\times {A}^{\alpha }\times {AS}^{\beta }\times {(NS+1)}^{d}{\times CI}^{f}$$]

 (3)



Despite its simplicity, model (3) remains unsuitable because of the model objective of its original model (2); it does not aim to describe normal reaching, but rather RM with erroneous human behaviors. It is well known that the normal RM (when one reaches the target without any erroneous behaviors) is ideally a straight movement with minimal submovement [26], and CI and NS in (2) can be considered constants (1 for CI and 3 for NS [33]). Therefore, the simplified model (3) was further modified to derive the normal reaching model as follows:[image: $${T}_{M}={\widehat{e}}^{k}\times {A}^{\alpha }\times {AS}^{\beta }$$]

 (4)



Equation (4) implies that TM of the normal reaching is determined by reaching the target distance (A) and average moving speed (AS). In contrast to Fitts’ law (1), the proposed model (4) includes AS. The effect of the moving speed variation during RM is considered to improve the modeling accuracy of normal RM. Notably, (4) does not include the target width (W) because of the fixed target size in the robotic reaching training task.

Evaluation method based on normal reaching model
Using the model above, we developed a novel individually scaled evaluation method for post-stroke patients; the method involves the following steps: (1) establishing an individual’s normal reaching model based on (4) of one’s less-affected arm (Fig. 2), (2) obtaining the estimated ideal movement time for normal reaching (TM,e) using the model, and (3) evaluating the reaching performance of the affected arm by comparing TM,e with the actual movement time (TM,a). When TM,a significantly deviates from TM,e, the discrepancy implies that RM is abnormal because of the presence of erroneous behavior such as anomalous CI or NS, violating the definition of (4).[image: ]
Fig. 2Example linear regression fit for a reaching model. Reaching parameters such as the movement time ([image: $${T}_{m})$$], target distance (A) and average speed (AS) were logarithmically transformed. The colored plane represents the plane of the model parameters that fit the acquired data (gray dots)


To identify an individual-specific normal reaching model using (4), we used several RM datasets of the less-affected arm in various directions and distances and conducted a multiple linear regression analysis. Here, we defined the arm ipsilateral to the lesion as the less-affected arm and the contralateral arm as the affected arm in hemiplegia. Although the less-affected arms of stroke patients are not completely free from impairment, they are expected to behave closer to the condition prior to stroke onset than the affected arm. One study reported that the movement time distributions of healthy participants’ arms and post-stroke participants’ less-affected arms were similar [21], and another study reported no significant differences in the movement time between healthy and post-stroke less-affected arms [22, 23]. Hence, the RM data of the less-affected arm could be a reliable source for predicting an individual’s normal reaching unless one suffers from diplegic symptoms.
Using an established normal reaching model, we set an individually scaled standard for normal RM by estimating the ideal movement time (TM,e) for each condition. Subsequently, the actual movement time (TM,a) of the affected arm at the corresponding movement condition was compared to TM,e by defining a performance index normalized for error as follows:[image: $${e}_{n}(i)= \frac{{T}_{M, a}(i) -{T}_{M,e}(i)}{{T}_{M,e}(i)}$$]

 (5)


where i denotes the index of the target. As the denominator term TM,e normalizes the discrepancy, the normalized error [image: $${e}_{n}$$] (5) provides an individually scaled quantity that reflects the abnormality level. As the stroke reaching procedure is affected by sensorimotor noise [34, 35], the TM,a of the stroke would increase and exhibit more discrepancies from TM,e.

Visualization of evaluation results
We constructed an evaluation map (Fig. 3) based on the acquired index [image: $${e}_{n}$$] (5) throughout the workspace. A high deviation of the reaching trajectory, which is represented by a black arrow line, results in a high [image: $${e}_{n}$$], which is represented in the red-colored region according to the spectrum range.[image: ]
Fig. 3Example assessment profile mapping. The color gradient represents the normalized error level defined by the proposed evaluation method. The blue and black arrows are the example trajectories of the normal and affected reaching, respectively, whereas the red and blue shades in the contour represent the affected and normal reaching performance on the reaching targets respectively


The proposed visualization method allows the evaluation of an individual’s motor characteristics and prescription of performance-based training [4, 19, 36]; thus, we may implement adaptive scheduling to prioritize reaching training and prevent overtraining of a satisfactory reaching condition, where the “labor in vain” problem could arise with random scheduling [36]. This visualization is particularly beneficial in multi-distance-directional reaching training environments. Solely mapping the reaching performance with the movement time can be problematic because a short movement time is generally preferred. Because further targets are likely to have long movement times, the training could be biased toward outer-most targets regardless of the actual reaching performance in the workspace. In contrast, the proposed visualization using the normalized index (5) can objectively portray the reaching performance globally in a spatial sense.


Experiments
Experimental design
We conducted two experiments to validate the proposed normal reaching model and verify the feasibility of the developed evaluation method. For the former, we compared candidate reaching models including the Fitts (1), Almanji (3), and proposed (4) models by examining the fit degree of the RM data of the healthy subjects. This is because their reaching tasks could be considered normal. It should be noted that we used simplified (3) instead of (2), because our reaching task required fewer conditions than the original mouse-pointing task. For the latter, post-stroke subjects performed the reaching task with the less-affected and affected arms. We obtained each patient’s normal reaching model (4) based on the RM data of the less-affected arm and evaluated the performance of the affected arm using the evaluation map with normalized error (5). Additionally, as a pilot study, we conducted the same procedures as the latter experiment with different post-stroke participants in an actual clinical setting to further justify the proposed method in an actual clinical setting with a condensed procedure. Here, the participants performed fewer number of RM trials, which was sufficient to form reaching models and evaluate the affected reaching.
Figure 4 shows the experimental setup used for the validation experiments. All subjects sat on a trunk-constraining chair and performed a visually guided reaching task with HapticMaster (MOOG, Netherlands), a three-degrees-of-freedom (DOF) end-effector–type robot (Fig. 4a). The robot recorded the movement time, position, and velocity of its end-effector for each RM trial at a 75-Hz sampling rate. Because the subjects rested their forearm on the gimbal of the robot, supporting their arm against gravity (Fig. 4c), the reaching task was constrained to motion with 2DOF. The robot was located 30 cm between the gimbal and subject (Fig. 4a). The chair had a strap to constrain the trunk movement and prevent compensatory movements (Fig. 4d). For the reaching task, a monitor was set 3 m away from the seat (Fig. 4a), and the subjects performed start-to-target reaching according to custom-made visual guidance software developed in Visual Studio (Microsoft, USA) (Fig. 4b).[image: ]
Fig. 4Experimental setup for validation experiments. a Visually guided reaching system with an end-effector–type robot. b Sample reaching targets in eight directions. c Gimbal with gravity-compensated forearm rest. d Trunk-constraining chair


Figure 5 shows the experimental setup of the pilot study. All subjects sat on a regular chair and performed a visually guided reaching task with rebless planar® (H-Robotics, South Korea), a 2-DOF end-effector–type upper limb rehabilitation robot (Fig. 5a). The robot recorded the movement time, position, and velocity of its end-effector for each RM trial at a 30-Hz sampling rate. The subjects rested their forearm on the robot end-effector to support their arm against gravity (Fig. 5c) and performed start-to-target reaching according to the custom-made visual guidance software developed in Unity (Unity Technologies, USA) (Fig. 5b).[image: ]
Fig. 5Experimental setup for the pilot study. a End-effector type upper-limb rehabilitation robot. b Sample reaching targets in eight directions. c Forearm rest of the rehabilitation robot



Participants
For the validation experiments, twelve healthy (26.2 ± 2.7 years; two females, 10 males) and seven stroke survivors (58.4 ± 8.0 years; two females, five males) participated in this study (Table 1). All survivors had an affected arm on their right side. The inclusion criteria for stroke subjects were as follows: (1) hemiplegia; (2) unilateral stroke; (3) no signs of visual, spatial, or sensory deficits; and (4) mini-mental status examination scores greater than 24, indicating that the subjects could understand the instructions for the experiments. The exclusion criteria were as follows: (1) habitual shoulder dislocation; (2) musculoskeletal disorders; and (3) Parkinson’s disease, aphasia, apraxia, diabetes. This study was approved by the local institutional review board (DGIST-150408-HR-008- 02).Table 1Participants details of affected arm in validation experiments


	Subjects
	Sex
	Age
	Time since stroke [months]
	Lesion type
	MAS
	MMT
	MBC

	Shoulder
	Elbow
	Wrist
	Finger
	Shoulder
	Elbow
	Wrist
	Finger

	S1
	M
	57
	88
	H
	0
	0
	0
	0
	4 + 
	4 + 
	4 + 
	4 + 
	6

	S2
	F
	58
	86
	H
	1 + 
	1 + 
	1 + 
	1 + 
	3 + 
	3 + 
	2-
	2 −
	4

	S3
	M
	63
	38
	H
	2 + 
	2 + 
	2 + 
	2 + 
	3 + 
	3 + 
	3 + 
	3 + 
	5

	S4
	M
	39
	110
	I
	2
	2
	2
	2
	2 + 
	3
	0
	0
	1

	S5
	M
	58
	113
	H
	1
	1
	1
	1
	2 + 
	2
	0
	0
	1

	S6
	F
	59
	41
	H
	1 −
	1 −
	1 −
	1 −
	3 + 
	3 + 
	3 −
	3 + 
	4

	S7
	M
	61
	19
	I
	0
	0
	0
	0
	4 −
	3 + 
	4
	4
	6


MAS denotes modified Ashworth scale; MMT manual muscle test; MBC modified Brunnstrom classification; and H and I are hemorrhagic and ischemic stroke, respectively



Twelve stroke survivors (67.5 ± 6.8 years; four females, eight males) participated in this pilot study (Table 2). Six stroke survivors had an affected arm on their right side. The inclusion criteria for the stroke subjects were as follows: (1) hemiplegia, (2) upper limb modified Ashworth scale score < 3, and and (3) post-stroke age > 19 years. The exclusion criteria were as follows: (1) cognitive deficits or aphasia, (2) internal medical conditions, (3) neurological or musculoskeletal disorders, and (4) other conditions that inhibit upper-limb rehabilitation exercises. This study was approved by the institutional review board of Asan Medical Center (IRB No. 2022-0981).Table 2Participant details of affected arm in pilot study


	Subjects
	Sex
	Age
	Time since stroke [months]
	Lesion type
	Hemi-side
	MAS
	FMA-UE

	Elbow flexor
	Elbow extensor
	Wrist flexor
	Wrist extensor

	P1
	M
	69
	52
	I
	L
	1.5
	0
	1
	0
	42

	P2
	F
	65
	81
	H
	R
	1
	0
	0
	0
	39

	P3
	M
	64
	72
	H
	L
	1
	0
	1
	0
	39

	P4
	F
	61
	96
	I
	R
	0
	0
	0
	0
	41

	P5
	M
	67
	78
	I
	R
	0
	0
	0
	0
	43

	P6
	M
	81
	124
	I
	R
	1
	0
	0
	1
	40

	P7
	M
	54
	61
	H
	R
	2
	0
	0
	0
	33

	P8
	M
	74
	111
	I
	L
	1.5
	0
	1.5
	0
	33

	P9
	M
	70
	104
	I
	L
	2
	0
	1.5
	1
	38

	P10
	F
	67
	121
	H
	R
	1
	0
	1.5
	0
	25

	P11
	F
	63
	75
	H
	L
	0
	0
	0
	0
	35

	P12
	M
	75
	113
	I
	L
	0
	0
	0
	0
	34


FMA-UE denotes Fugl-Meyer upper extremity assessment; MAS modified Ashworth scale; H and I hemorrhagic and ischemic strokes, respectively; and L and R denote the left and right sides, respectively



It is noteworthy that the stroke survivor group was older than the healthy group while there were no inclusion/exclusion criteria for this age difference. Older adults generally have longer movement times [37, 38], more variable velocities [39] and more corrective movements [40] than young subjects.

Protocols
In the validation experiments, the subjects sat on a trunk-constraining chair to which a strap was attached (Fig. 4d). The subject’s arm was secured using a gimbal (Fig. 4c). On the monitor, a cursor representing the position of the robot was displayed at the center, which was the initial position for the center-out reaching task (Fig. 4b). For each visually guided reaching task, the subjects were asked to move the cursor on the monitor to reach the target at their preferred speed (Fig. 4b). The reaching task consisted of three blocks of 40 different movement conditions (eight directions, five target distances), resulting in 120 trials (Table 3). For each block, the target randomly appeared once at every possible location. Once the cursor remained in the target position for 1 s, the trial was considered successful, and the robot returned the subject’s arm to the initial position. The reaching completion time was not constrained, and pauses or corrective movements were allowed. However, certain reaching trials were skipped if the subjects could not reach the target. The subjects were instructed to restrain their trunk movements during the reaching task and were given a rest period between blocks. The healthy subjects performed the reaching task with their dominant arm, whereas the stroke subjects performed the task with both the less-affected and affected arms. For the pilot study, the protocols were different in the chair setting and number of reaching trials. The subjects sat on a regular chair (Fig. 5a); instead, they were asked to constrain their trunk movements as much as possible. When conducting the pilot study, we recognized that the model formulation did not require all 120 trials of the RM data. Thus, in the pilot study, the reaching task consisted of blocks of 24 different movement conditions (eight directions, three target distances), resulting in 24 trials for the less-affected arm and 48 trials for the affected arm (Table 3).Table 3Summary of experiment configuration


	Experiments
	Validation experiments
	Pilot study

	Participants
	Healthy (n = 12)
	Post-stroke (n = 7)
	Post-stroke (n = 12)

	Target directions
	Eight directions (0°, 45°, 90°, 135°, 180°, 225°, 270°, and 315°)

	Target distances
	Five distances (6, 8, 10, 12, and 14 cm) with fixed target width (2 cm)
	Three distances (6, 10, and 14 cm) with fixed target width (3 cm)

	Number of reaching trials
	120 trials with the dominant arm
	120 trials with less-affected arm
120 trials with affected arm
	24 trials with less-affected arm
48 trials with the affected arm





Data analysis
During the reaching task, we collected the movement time, position, and velocity and post-processed the collected data to obtain other kinematic variables, such AS, CI, and NS. It should be noted that we calculated NS using the optimal submovement decomposition method to avoid exaggeration [33].
In the normal reaching modeling process, we rejected the RM data with outlier CI beyond two interquartile ranges (Q1–Q3). Notably, the number of reaching trials used and the number of the outliers were 115.0 ± 3.1, 5.0 ± 3.1 for the healthy participants, 107.8 ± 13.2, 7.3 ± 3.5 for the post-stroke participants in the validation experiment, and 23.4 ± 0.8, 0.6 ± 0.8 for the pilot study, respectively. It is well-known that CI is a dominant contributor to human effects on goal-directed movements [26]. We considered that such an extremely high CI represented reaching by mistake, which would not be normal reaching.
To evaluate RM using (5) based on the discrepancy between normal and erroneous RM, an appropriate normal reaching model must have the model characteristics: the model should identify normal RM, but it should not accurately identify reaching with erroneous behaviors. Hence, we analyzed the RM data to validate the proposed model (4) using the following steps. First, we evaluated the candidate reaching models using healthy RM data to determine whether the models could predict the healthy movement time, which is identical to the movement time of normal reaching. For this, we adopted the Akaike information criterion (AIC) and coefficient of determination (R2) for each model. Along with R2, which provides a general idea of how well a model fits the data (larger indicates a better fit), AIC, which measures the predictive accuracy of the model (smaller indicates higher accuracy) [41, 42], has been used for model selection studies involving human movement [26, 43]. Using the same indices (AIC and R2), we validated the candidate models using the RM data of the less-affected and affected arms of the stroke patients to determine whether the patients’ data could be used to formulate a normal reaching model.
Moreover, using the affected RM data, we further inspected model fitting to determine whether the candidate models identified erroneous reaching because we posited that an appropriate normal reaching model would not predict erroneous reaching movement times. We first constructed reaching models with the affected RM data to predict the movement time of the affected reaching (TM,aff) and observed the relationship between the residuals (TM,a − TM,aff) and error-related parameters (NS and CI). It should be noted that varying NS and larger CI values were associated with erroneous reaching. We then calculated the mean magnitude of the residuals for each model to compare the model fitting in the erroneous reaching, where a low magnitude indicates an accurate model fitting in the affected reaching, which is not preferred for the normal reaching model.
The model parameters were estimated using linear regression with logarithmic transformation, in which the movement time was the independent variable. All regression analyses, including R2 and statistical tests for AIC (non-parametric tests: Friedman test and Wilcoxon signed-rank test), were conducted using IBM SPSS (IBM Corporation, USA). AIC was calculated using the fitlm function in MATLAB R2020b (MathWorks, USA).
After validating the proposed normal reaching model, we visualized the reaching evaluation results for stroke based on [image: $${e}_{n}$$] (5) as well as [image: $${T}_{m,a}$$] (movement time) using MATLAB in both the validation experiments and pilot study. For the former visualization with [image: $${e}_{n}$$], the spectrum range of the map (blue to red) was set to the minimum [image: $${e}_{n}$$] and 95th percentile value was set as the maximum. This clipped maximum prevents an extremely high [image: $${e}_{n}$$] from an overly inflated axis range, which does not capture the overall reaching characteristic. We used the mean of [image: $${e}_{n}\left(i\right)$$] obtained by repeated reaching tasks to ensure better reliability. Additionally, we visualized the contours based on the [image: $${T}_{m,a}$$] with the same data used for the corresponding [image: $${e}_{n}$$] maps to show the distinctiveness of the proposed index [image: $${e}_{n}$$].



Results
Normal reaching model performance
Predictive accuracy
Table 4 summarizes the AIC and R2 values for each candidate model in the validation experiments. As shown in Fig. 6a, the average AIC of all the models in the healthy reaching group was significantly different (p < 0.01). The proposed (4) and Almanji (3) models showed a negative AIC, whereas Fitts’ (1) model was the only model that resulted in a positive AIC (Fig. 6a). This trend between the models was also noted in the patients’ with less-affected reaching, for which all models were significantly different (p < 0.05) (Fig. 6b).
Table 4AIC and R2 values of candidate models in validation experiments


	Participants
	AIC
	R2

	Fitts’
	Almanji
	Proposed
	Fitts’
	Almanji
	Proposed

	Healthy

	 H1
	1551
	− 914
	− 288
	0.605
	0.999
	0.798

	 H2
	1558
	− 924
	− 329
	0.612
	0.999
	0.79

	 H3
	1623
	− 908
	− 357
	0.678
	0.999
	0.928

	 H4
	1630
	− 840
	− 295
	0.58
	0.999
	0.856

	 H5
	1555
	− 977
	− 477
	0.859
	0.999
	0.974

	 H6
	1454
	− 906
	− 373
	0.803
	0.999
	0.92

	 H7
	1579
	− 941
	− 330
	0.577
	0.999
	0.847

	 H8
	1580
	− 908
	− 308
	0.707
	0.999
	0.873

	 H9
	1417
	− 937
	− 402
	0.718
	0.999
	0.855

	 H10
	1379
	− 934
	− 398
	0.797
	0.999
	0.903

	 H11
	1557
	− 736
	− 341
	0.66
	0.999
	0.854

	 H12
	1450
	− 972
	− 408
	0.782
	0.999
	0.908

	Stroke: Less-affected

	 S1
	1585
	− 502
	− 360
	0.579
	0.982
	0.934

	 S2
	1658
	− 829
	− 262
	0.55
	0.999
	0.891

	 S3
	1778
	− 656
	− 106
	0.314
	0.998
	0.762

	 S4
	1451
	− 336
	− 335
	0.752
	0.847
	0.841

	 S5
	1594
	− 866
	− 352
	0.527
	0.999
	0.933

	 S6
	1635
	− 849
	− 132
	0.385
	0.999
	0.509

	 S7
	1637
	− 822
	− 157
	0.436
	0.999
	0.701

	Stroke: Affected

	 S1
	1743
	− 756
	− 208
	0.513
	0.999
	0.846

	 S2
	1882
	− 733
	3
	0.143
	0.999
	0.509

	 S3
	1757
	− 664
	9
	0.186
	0.999
	0.444

	 S4
	1558
	− 441
	− 253
	0.227
	0.972
	0.846

	 S5
	893
	− 425
	− 50
	0.005
	0.999
	0.45

	 S6
	1885
	− 648
	54
	0.111
	0.999
	0.339

	 S7
	1645
	− 748
	− 80
	0.39
	0.999
	0.565


AIC denotes Akaike information criterion; R2 denotes the coefficient of determination


[image: ]
Fig. 6Comparison of average Akaike information criterion (AIC) for the candidate models. a and b show the model comparisons in the healthy and less-affected reaching movement (RM), respectively in the validation experiments. c Comparison of average AIC for the candidate models between the less-affected and affected arms within stroke patients in the validation experiments. d Comparison of average AIC for the candidate models between the less-affected and affected arms within the stroke patients in the pilot study (asterisks indicate significant differences; *p < 0.05, **p < 0.01)


Figure 6c compares the average AIC of each model in the less-affected and affected groups. Although Fitts and Almanji models showed no significant difference in the AIC between the less-affected and affected reaches, the proposed model showed a significant difference (p < 0.05; Fig. 6c). This implies that the predictive accuracy of the proposed model is affected by the presence of erroneous behavior, whereas Fitts and Almanji methods were not, which corresponds to the results of the pilot study (Table 5, Fig. 6d).Table 5AIC and R2 values of candidate models in pilot study


	Participants
	AIC
	R2

	Fitts’
	Almanji
	Proposed
	Fitts’
	Almanji
	Proposed

	Stroke: Less-affected

	 P1
	335
	− 158
	− 55
	0.570
	0.997
	0.752

	 P2
	349
	− 176
	− 72
	0.860
	0.999
	0.959

	 P3
	331
	− 178
	− 63
	0.572
	0.999
	0.776

	 P4
	350
	− 188
	− 71
	0.774
	0.999
	0.941

	 P5
	421
	− 171
	− 13
	0.264
	0.999
	0.768

	 P6
	395
	− 170
	− 26
	0.321
	0.999
	0.783

	 P7
	326
	− 163
	− 59
	0.599
	0.997
	0.745

	 P8
	363
	− 130
	− 20
	0.479
	0.996
	0.515

	 P9
	357
	− 148
	− 25
	0.203
	0.997
	0.436

	 P10
	367
	− 178
	− 54
	0.385
	0.999
	0.872

	 P11
	384
	− 181
	− 30
	0.579
	0.999
	0.835

	 P12
	358
	− 170
	− 57
	0.584
	0.999
	0.875

	Stroke: Affected

	 P1
	352
	− 179
	− 39
	0.420
	0.999
	0.603

	 P2
	419
	− 121
	8
	0.398
	0.998
	0.505

	 P3
	334
	− 193
	− 44
	0.634
	0.999
	0.673

	 P4
	391
	− 177
	− 30
	0.570
	0.999
	0.828

	 P5
	407
	− 156
	− 6
	0.255
	0.999
	0.572

	 P6
	353
	− 166
	− 48
	0.584
	0.999
	0.814

	 P7
	372
	− 149
	− 13
	0.233
	0.998
	0.295

	 P8
	384
	− 150
	− 12
	0.160
	0.999
	0.446

	 P9
	380
	− 157
	− 9
	0.208
	0.999
	0.394

	 P10
	362
	− 174
	− 38
	0.480
	0.999
	0.769

	 P11
	423
	− 161
	12
	0.023
	0.999
	0.204

	 P12
	362
	− 149
	− 31
	0.635
	0.999
	0.733


AIC denotes Akaike information criterion; R2 denotes the coefficient of determination




Regression analysis
Regarding R2 in the healthy subjects in the validation experiments, both the Almanji and proposed models indicated a very strong fit for all subjects (R2 > 0.7) (Fig. 7a), whereas that of the Fitts’ model showed a strong fit for six out of 12 subjects (Fig. 7a). However, the R2 of the models for stroke differed from that of healthy reaching. For the less-affected RM, Fitts’ model had only one strong fit out seven subjects (Table 4, Fig. 7b). The Almanji (12 out of 12) and proposed (6 out of 7) models still resulted in an overall strong goodness of fit for the less-affected reaching data, which implies that both models are potential candidates for explaining the normal reaching of the less-affected arm. The overall trend was the same as that in the pilot study results. For the less-affected RM, Fitts’ model had only two strong fits out of 12 subjects (Table 5, Fig. 7c). The Almanji (12 out of 12) and proposed (10 out of 12) models still resulted in an overall strong goodness of fit for the less-affected RM data.[image: ]
Fig. 7Comparison of model R2. The boxplot represents the distribution, and the scatter plot represents the actual R2. (a) and (b) present the R2 distributions in healthy models and between less-affected and affected models in the validation experiments, respectively. (c) The boxplot and scatter plot represent the actual R2 distribution in the pilot study. The red-dashed line represents R2 of 0.7 indicating a widely accepted level of strong model fitting (the higher the value, the better)


For the affected RM in the validation experiments, none of the Fitts’ models indicated a strong fit in terms of the R2 values, whereas the Almanji model resulted in a strong fit in all subjects (Table 4, Fig. 7b). The proposed models showed a strong fit in two out of the seven subjects. This suggests that the R2 of the proposed model was notably weakened in terms of fitting the erroneous reaching movement times. The Almanji model can also explain the erroneous behaviors, and it is undesirable for the intended normal reaching model. The pilot study result of the affected arm also indicated that the Almanji model resulted in a strong fit in all subjects, and the proposed model showed a strong fit in four out of 12 subjects (Table 5, Fig. 7c).
Table 6 summarizes the R2 values of the proposed model and average kinematic data for each post-stroke participant. The table presents the relationship between the severity of erroneous RM and the goodness of fit of the proposed model.Table 6R2 values of the proposed model and the average kinematic data for each post-stroke


	Participants
	Less-affected Arm
	Affected Arm

	R2
	TM [ms]
	AS [m/s]
	CI
	NS
	R2
	TM
	AS [m/s]
	CI
	NS

	S1
	0.934
	1894
	0.046
	1.11
	2.81
	0.846
	2233
	0.042
	1.16
	3.11

	S2
	0.891
	2221
	0.040
	1.12
	2.61
	0.509
	2917
	0.037
	1.27
	3.64

	S3
	0.762
	2231
	0.041
	1.11
	3.41
	0.444
	2332
	0.046
	1.33
	3.74

	S4
	0.841
	1669
	0.057
	1.1
	2.77
	0.846
	1862
	0.052
	1.12
	3.04

	S5
	0.933
	1868
	0.047
	1.12
	2.84
	0.45
	1755
	0.060
	1.47
	3.63

	S6
	0.509
	1755
	0.055
	1.28
	3.34
	0.339
	2502
	0.056
	1.68
	3.77

	S7
	0.701
	1753
	0.056
	1.27
	3.53
	0.565
	1867
	0.056
	1.37
	3.78

	P1
	0.752
	2766
	0.041
	1.14
	3.29
	0.603
	2877
	0.042
	1.23
	3.38

	P2
	0.959
	3744
	0.028
	1.06
	3.33
	0.505
	4978
	0.033
	1.75
	3.48

	P3
	0.776
	2689
	0.044
	1.21
	2.83
	0.673
	2680
	0.055
	1.54
	3.44

	P4
	0.941
	3493
	0.031
	1.13
	2.79
	0.828
	4628
	0.024
	1.14
	3.31

	P5
	0.768
	3682
	0.037
	1.34
	3.46
	0.572
	3914
	0.034
	1.32
	3.25

	P6
	0.783
	3183
	0.037
	1.16
	2.65
	0.814
	2896
	0.043
	1.27
	3.15

	P7
	0.745
	2517
	0.044
	1.14
	2.83
	0.295
	2773
	0.048
	1.41
	3.27

	P8
	0.515
	2802
	0.055
	1.57
	3.25
	0.446
	3066
	0.059
	1.92
	3.06

	P9
	0.436
	2215
	0.061
	1.41
	3.09
	0.394
	2795
	0.060
	1.77
	3.4

	P10
	0.872
	2921
	0.043
	1.26
	3.13
	0.769
	3136
	0.040
	1.28
	3.13

	P11
	0.835
	3786
	0.034
	1.26
	3.27
	0.204
	3495
	0.067
	2.84
	3.58

	P12
	0.875
	3287
	0.035
	1.18
	3.17
	0.733
	3209
	0.042
	1.39
	3.38


TM denotes movement time; AS the average speed; CI the curvature index; and NS denotes the number of submovements




Model fitting in erroneous RM (residuals)
Considering the model performance for erroneous RM, Fig. 8 shows the relationship between the residuals of each model and the erroneous reaching-related parameters (NS and CI) in all the affected RM data. First, the bottommost boxplots presented in Fig. 8 show that NS and CI were mostly distributed over 2–7 and 1–3.5, respectively, suggesting that the affected RM data contained many erroneous reaching behaviors. The same data were projected onto boxplots of the model residuals on the left (Fig. 8). For Fitts’ model and the proposed model, the variances of the residuals were significant (Fig. 8), and the residual variances of all subjects were relatively large (650 and 590 ms, respectively). However, with negligible variance, the residual variance for Almanji was notably small (40 ms) compared to those of the other two models. From this, we interpret that the Almanji model cannot distinguish the affected reaching with erroneous behaviors from normal reaching, and we observed that the residual characteristics were the same in the pilot study (Fig. 9).[image: ]
Fig. 8Relationship between residuals of each candidate model and erroneous reaching parameters from the affected side of post-stroke patients in the validation experiments. Erroneous reaching movement parameters are the number of submovment (NS) and curvature index (CI). Every reaching data point is projected to the boxplots to portray the distributions. In the presence of erroneous behaviors (high NS and CI), Fitts’ model and the proposed model formulated by the reaching data of the affected arms result in high model residuals, whereas the Almanji model have low model residuals

[image: ]
Fig. 9Relationship between residuals of each candidate model and erroneous reaching parameters from the affected side of post-stroke patients in the pilot study. Similar to the post-stroke data of the validation experiments, Fitts’ model and the proposed model formulated by the reaching data of the affected arms result in high model residuals, whereas the Almanji model have low model residuals


Overall, the proposed model is the most appropriate for the normal reaching model for the following reasons: (1) Fitts’ law was the least able to explain healthy and less-affected data among the candidate models; (2) the Almanji model best estimated the reaching movement time, followed by the proposed and Fitts’ models, but it even accurately captured the erroneous RM; (3) the proposed model had sufficient ability to explain the movement time for healthy and less-affected reaching, while the model did not explain the affected RM, as we intended.


Evaluation visualization
Based on the proposed model, we profiled the RM evaluation results of every post-stroke subject by contouring [image: $${e}_{n}$$] and [image: $${T}_{m,a}$$] for all movement conditions in the workspace (Figs. 10, 11). Each [image: $${e}_{n}$$] map of the affected side uniquely portrays the reaching characteristics of individuals at specific distances and directions, in which erroneous reaching was emphasized in yellow and red (Figs. 10 and 11). The movement time maps using  [image: $${T}_{m,a}$$] portrayed a tendency of higher [image: $${T}_{m,a}$$] on the targets of further distances, and the corresponding [image: $${e}_{n}$$] map still captured the affected movements in the targets with shorter distances (S1, S2, S3, S4, and S7 in Fig. 10; all participants except P11 in Fig. 11). Notably, all individuals had different scales of the spectrum range for the contours, which reflected the inter-subject severity of the affected arm. Specifically, S1 and S7 in Fig. 10 and P1, P4 and P6 in Fig. 11 have comparably small scales; therefore, the affected maps seem to have abnormal motor characteristics globally. S5 shows a case in which the affected RM data were severely impaired with a significantly constrained workspace (Fig. 10). The visualization clearly shows that he could not reach more than half of the targets, particularly those near the trunk.[image: ]
Fig. 10Reaching profile of post-stroke participants for the affected sides in the validation experiments. Each profile has the information of 40 targets distributed over five distances and eight directions grids in the reaching movement time and normalized error. Each subject had a different normalized error range. Non-colored areas represent unreachable targets

[image: ]
Fig. 11Reaching profile of post-stroke participants for affected sides in the pilot study. Each profile has the information of 24 targets distributed over three distances and eight directions grids in the reaching movement time and normalized error. Each subject had a different normalized error range




Discussion
In this study, we developed a novel, individually scaled RM evaluation method. We first determined that the proposed reaching model (4) is the most appropriate for identifying normal reaching and is valid for describing both healthy and less-affected RM. Using (4) and (5), we intuitively characterized the impaired (affected) reaching condition through the discrepancy between the actual RM performance and the individual’s predicted normal performance.
Several statistical goal-directed movement models are applicable to describing RM. However, they are not fully compatible for distilling an individual’s normal reaching model [24, 26]. One study utilized Fitts’ law to assess an individual’s reaching ability to control reaching training difficulty, but its reliability was inconsistent among the participants for the less-affected and affected arms [27]. This result corresponded to our results (Fig. 7b, and c); Fitts’ law was unsuitable for describing the normal and less-affected RM than the other models. It is noteworthy that the validity of Fitts’ law in a multi-directional environment is still contradictory depending on the studies [44, 45], however, Fitts’ law is representative of goal-directed movements as a candidate model [24, 46]. Another study reported a reaching-related (Almanji) model that consisted of sophisticated human effect variables related to mouse click movement in CP, not stroke reaching [26]. The Almanji model could be modified to (3) to explain the RM, and we observed that this model had the strongest prediction accuracy for explaining individual reaching (Figs. 6 and 7). However, the Almanji model could accurately fit the affected RM, which opposes the purpose of the intended normal reaching model (Fig. 7b and c). Further analysis indicated that the Almanji model predicted the movement time of the affected RM too accurately regardless of NS and CI, which are related to erroneous reaching (Figs. 8 and 9).
In this study, we deduced that normal reaching can be explained using the proposed model, which consists of AS and the target distance only (Figs. 6a and 7a). This finding could also be supported by the Almanji study for point-click tasks; the model components for healthy subjects were governed by the AS, CI, and target distance [26]: therefore, ideally performed RM could be modeled without CI.
When the normalized error [image: $${e}_{n}$$] of (5) was developed, we assumed that the less-affected reaching could be regarded as a reliable source of the individuals’ normal reaching ability. Figure 12 summarizes the R2 results of the proposed model for the normal (healthy) and less-affected reaching in both the validation experiments and pilot study. The proposed model obtained from less-affected reaching was sufficient for normal reaching. Most R2 values (16 of 19) lie near 0.7, which shows a strong fit of the regression model in both the validation experiment and pilot study (Fig. 12). Even the weak cases of the model (S6: R2 = 0.509, p < 0.001; P8: R2 = 0.515, p < 0.001; P9: R2 = 0.436, p < 0.001) also showed a moderately good fit [47] (Table 6, Fig. 12). It should be noted that the weakest fit in the less-affected reaching (S6) of the validation experiment would come from a large variation in CI (1.23 ± 0.25) and NS (3.48 ± [image: $$1$$].22) for which, in fact, both variances were the largest among all less-affected reaching for stroke participants in the validation experiment (Table 6). Similarly, P8 and P9 in the pilot study showed large variations in CI (P8: 1.57 ± 0.45, P9: 1.41 ± 0.28) and NS (P8: 3.25 ± 1.07, P9: 3.09 ± 0.90). These weak-case scenarios show the potential limitations of the proposed method when both arms are notably affected. It is noteworthy that the reaching performance between the less-affected arm of the post-stroke and the normal movement of the typical control group could differ depending on the severity of the patients. Some studies reported that the less-affected arm has deficits in cases of more severe and acute participants [48–50], whereas the mild to moderate stroke group showed no discrepancies in kinematics compared to the healthy control group [21–23].[image: ]
Fig. 12R2 distribution of the proposed model in healthy and less-affected conditions (redrawn from Fig. 7)


After establishing the normal reaching model, we used the normalized error (5) as the index to evaluate the affected RM for the following reasons: (1) The index intuitively presents the discrepancy between the actual reaching performance and model-predicted normal performance, which can reflect the degree of abnormality. Moreover, (2) it is a consolidated single parameter that consists of multidimensional information, such as the target distance, AS, CI, and NS, making it easier to interpret. In addition, (3) thanks to the normalization, the index, which is no longer biased to the effect of the target distance, is especially advantageous in a multi-distance-directional reaching training environment.
Several studies have reported evaluation methods for spatial profiling the reaching characteristics using indices (i.e. movement time); these visual representations have been used to prescribe adaptive training according to individual characteristics and evaluate performance changes before and after reaching training [4, 9, 19, 20]. In this study, we extended the performance mapping methods using a model-based index (5), [image: $${e}_{n}$$]. Mapping only the RM performance with movement time can be problematic in a multi-distance-directional environment because a short movement time is generally preferred. Because further targets are likely to have long movement times, the training prescription based on the movement time could be biased toward the outer-most targets regardless of the actual RM performance in the workspace (Figs. 10 and 11). In contrast, the proposed method based on the normalized error [image: $${e}_{n}$$] can objectively portray the RM performance globally in a spatial sense regardless of the distance (Figs. 10 and 11), allowing us to objectively prescribe training priorities in the reaching environment.
Here, we presented only static characteristics by mapping, but the method could be extended to address temporal changes in the characteristics as well. For instance, during RM training, changes in index [image: $${e}_{n}$$] (5) can be observed, as a previous study demonstrated a learning/fatigue model in the movement time within a reaching training session [51]. However, the sole movement time does not provide a cue on when to terminate the training, whereas the normalized error provides a sense of desired recovery. Therefore, if a subset that reaches the target achieves the desired recovery (small [image: $${e}_{n}$$]), prospective training can prescribe different subsets that maximize the recovery opportunities.
Our evaluation method was primarily developed by considering robot-aided RM training; however, this application could be extended to general reaching training because it utilizes only the kinematic data of RM. In addition to robots, sensors that can measure and estimate the kinematic data of the hand, such as the touch screen, red/green/blue and depth sensors, and inertial measuring units, are feasible for implementing the evaluation method [8, 51–55]. Hence, the proposed evaluation method can improve conventional reaching training using quantifiable records obtained from sensors. As an eventual goal, the proposed evaluation method can enable individualized robot-aided RM training.
This study has several limitations. First, the number of trials required to construct a normal RM model was not optimized. In the validation experiments, 120 reaching trials were used for concrete validation, and we conducted 24 and 48 trials for the pilot study. In future, we need to develop a systematic method for determining the number to form a valid normal RM for clinical applications. Next, the normal reaching model could be unsuitable for evaluating the affected RM if the less-affected arm of hemiplegic patients showed less model reliability as shown in S6 (Table 4). Although this was an uncommon case, we may need to develop additional algorithms (i.e., clustering) to detect normal reaching trials more selectively and enhance the feasibility of the proposed method. Finally, our results were verified using a limited number of participants (12 healthy and 19 stroke patients). Hence, further studies with larger populations could enhance the validity of the proposed method against unconsidered kinematic variabilities, such as the effect of arm dominance, with sufficient statistical power.

Conclusions
In this study, we developed a novel individually scaled RM evaluation method based on a normal reaching model. We first validated that the proposed reaching model can determine the normal RM of both healthy and less-affected RM. Using the proposed index, we could intuitively visualize the individual (affected) RM condition through the discrepancy between the actual RM performance and individual’s predicted normal performance. Furthermore, our method has the potential to provide effective adaptive training by prioritizing a set of reaching movements spatially and terminating satisfactory reaching movements.

Acknowledgements
The authors would like to thank all subjects volunteered for the study.

Author contributions
JK1 supervised this study. JK1 conceptualized and designed the study. JK1 acquired funding and provided resources for this study. JK2 and JM implemented the proposed system. JK2 designed the experiments. JK2 and SJ recruited the subjects and prepared IRB for the experiments. JM, JK2 and SJ acquired the data. JM processed and analyzed the data from the experiments, and interpreted the results. JM and JK2 drafted the manuscript. JK1 finalized the manuscript. All authors read and revised the manuscript, and approved the final manuscript for publication.

Funding
This work was supported by a National Research Foundation of Korea (NRF) grant funded by the Korean government (MSIT) (No. 2022R1A2C1008150), and following are results of a study on the “Leaders in INdustry-university Cooperation 3.0” Project, supported by the Ministry of Education and National Research Foundation of Korea.

Availability of data and materials
Data and materials can be made available upon request to the authors.

Declarations
Ethics approval and consent to participate
The stroke patients signed an informed consent form approved by the local institutional review board (DGIST-150408-HR-008- 02) and the Asan Medical Center (IRB No. 2022-0981).

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.


References
	1.
Wagner JM, Lang CE, Sahrmann SA, Edwards DF, Dromerick AW. Sensorimotor impairments and reaching performance in subjects with poststroke hemiparesis during the first few months of recovery. Phys Ther. 2007;87:751–65.PubMed

	2.
Krebs HI, Krams M, Agrafiotis DK, DiBernardo A, Chavez JC, Littman GS, Yang E, Byttebier G, Dipietro L, Rykman A. Robotic measurement of arm movements after stroke establishes biomarkers of motor recovery. Stroke. 2014;45:200–4.PubMed

	3.
Balasubramanian S, Colombo R, Sterpi I, Sanguineti V, Burdet E. Robotic assessment of upper limb motor function after stroke. Am J Phys Med Rehabil. 2012;91:S255–69.PubMed

	4.
Wright ZA, Lazzaro E, Thielbar KO, Patton JL, Huang FC. Robot training with vector fields based on stroke survivors’ individual movement statistics. IEEE Trans Neural Syst Rehabil Eng. 2018;26:307–23.PubMed

	5.
Krebs HI, Palazzolo JJ, Dipietro L, Ferraro M, Krol J, Rannekleiv K, Volpe BT, Hogan N. Rehabilitation robotics: performance-based progressive robot-assisted therapy. Auton Robot. 2003;15:7–20.

	6.
Liao W-w, Wu C-y, Hsieh Y-w, Lin K-c, Chang W-y. Effects of robot-assisted upper limb rehabilitation on daily function and real-world arm activity in patients with chronic stroke: a randomized controlled trial. Clin Rehabil. 2012;26:111–20.PubMed

	7.
Burgar CG, Lum PS, Scremin A, Garber SL, Van der Loos H, Kenney D, Shor P. Robot-assisted upper-limb therapy in acute rehabilitation setting following stroke: Department of Veterans Affairs multisite clinical trial. J Rehabil Res Dev. 2011;48:445.PubMed

	8.
Park H, Kim S, Winstein CJ, Gordon J, Schweighofer N. Short-duration and intensive training improves long-term reaching performance in individuals with chronic stroke. Neurorehabil Neural Repair. 2016;30:551–61.PubMed

	9.
Huang FC, Patton JL. Movement distributions of stroke survivors exhibit distinct patterns that evolve with training. J Neuroeng Rehabil. 2016;13:23.PubMedPubMedCentral

	10.
Langhorne P, Bernhardt J, Kwakkel G. Stroke rehabilitation. The Lancet. 2011;377:1693–702.

	11.
Oña E, Cano-de la Cuerda R, Sánchez-Herrera P, Balaguer C, Jardón A. A review of robotics in neurorehabilitation: towards an automated process for upper limb. J Healthc Eng. 2018;2018:1.

	12.
Morris ME, Matyas TA, Bach TM, Goldie PA. Electrogoniometric feedback: its effect on genu recurvatum in stroke. Arch Phys Med Rehabil. 1992;73:1147–54.PubMed

	13.
Azab M, Al-Jarrah M, Nazzal M, Maayah M, Abu Sammour M, Jamous M. Effectiveness of constraint-induced movement therapy (CIMT) as home-based therapy on Barthel Index in patients with chronic stroke. Top Stroke Rehabil. 2009;16:207–11.PubMed

	14.
Bohannon RW. Physical rehabilitation in neurologic diseases. Curr Opin Neurol. 1993;6:765–72.PubMed

	15.
Jeffers MS, Karthikeyan S, Gomez-Smith M, Gasinzigwa S, Achenbach J, Feiten A, Corbett D. Does stroke rehabilitation really matter? Part B: an algorithm for prescribing an effective intensity of rehabilitation. Neurorehabil Neural Repair. 2018;32:73–83.PubMed

	16.
Semrau JA, Herter TM, Scott SH, Dukelow SP. Robotic identification of kinesthetic deficits after stroke. Stroke. 2013;44:3414–21.PubMed

	17.
Kahn LE, Lum PS, Rymer WZ, Reinkensmeyer DJ. Robot-assisted movement training for the stroke-impaired arm: does it matter what the robot does? J Rehabil Res Dev. 2014;43:619–30.

	18.
Murphy MA, Willén C, Sunnerhagen KS. Kinematic variables quantifying upper-extremity performance after stroke during reaching and drinking from a glass. Neurorehabil Neural Repair. 2011;25:71–80.

	19.
Rosenthal O, Wing AM, Wyatt JL, Punt D, Miall RC. Mapping upper-limb motor performance after stroke-a novel method with utility for individualized motor training. J Neuroeng Rehabil. 2017;14:127.PubMedPubMedCentral

	20.
Rosenthal O, Wing AM, Wyatt JL, Punt D, Brownless B, Ko-Ko C, Miall RC. Boosting robot-assisted rehabilitation of stroke hemiparesis by individualized selection of upper limb movements–a pilot study. J Neuroeng Rehabil. 2019;16:42.PubMedPubMedCentral

	21.
Coderre AM, Zeid AA, Dukelow SP, Demmer MJ, Moore KD, Demers MJ, Bretzke H, Herter TM, Glasgow JI, Norman KE. Assessment of upper-limb sensorimotor function of subacute stroke patients using visually guided reaching. Neurorehabil Neural Repair. 2010;24:528–41.PubMed

	22.
Stewart JC, Gordon J, Winstein CJ. Control of reach extent with the paretic and nonparetic arms after unilateral sensorimotor stroke: kinematic differences based on side of brain damage. Exp Brain Res. 2014;232:2407–19.PubMed

	23.
Stewart JC, Gordon J, Winstein CJ. Control of reach extent with the paretic and nonparetic arms after unilateral sensorimotor stroke II: planning and adjustments to control movement distance. Exp Brain Res. 2014;232:3431–43.PubMed

	24.
Fitts PM. The information capacity of the human motor system in controlling the amplitude of movement. J Exp Psychol. 1954;47:381.PubMed

	25.
Schmidt RA, Zelaznik H, Hawkins B, Frank JS, Quinn JT Jr. Motor-output variability: a theory for the accuracy of rapid motor acts. Psychol Rev. 1979;86:415.

	26.
Almanji A, Payne AR, Amor R, Davies TC. A nonlinear model for mouse pointing task movement time analysis based on both system and human effects. IEEE Trans Neural Syst Rehabil Eng. 2015;23:1003–11.PubMed

	27.
Zimmerli L, Krewer C, Gassert R, Müller F, Riener R, Lünenburger L. Validation of a mechanism to balance exercise difficulty in robot-assisted upper-extremity rehabilitation after stroke. J Neuroeng Rehabil. 2012;9:6.PubMedPubMedCentral

	28.
Guiard Y. The problem of consistency in the design of Fitts’ law experiments: Consider either target distance and width or movement form and scale. In Proceedings of the sigchi conference on human factors in computing systems. 2009: 1809–1818.

	29.
Giang C, Pirondini E, Kinany N, Pierella C, Panarese A, Coscia M, Miehlbradt J, Magnin C, Nicolo P, Guggisberg A. Motor improvement estimation and task adaptation for personalized robot-aided therapy: a feasibility study. Biomed Eng Online. 2020;19:1–25.

	30.
Gori J, Rioul O, Guiard Y. Speed-accuracy tradeoff: a formal information-theoretic transmission scheme (fitts). ACM Trans Comput-Human Interact (TOCHI). 2018;25:1–33.

	31.
Hsieh Y-w, Lin K-c, Wu C-y, Shih T-y, Li M-w, Chen C-l. Comparison of proximal versus distal upper-limb robotic rehabilitation on motor performance after stroke: a cluster controlled trial. Sci Rep. 2018;8:1–11.

	32.
MacKenzie IS. A note on the information-theoretic basis for Fitts’ law. J Mot Behav. 1989;21:323–30.PubMed

	33.
Liao JY, Kirsch RF. Characterizing and predicting submovements during human three-dimensional arm reaches. PLoS ONE. 2014;9: e103387.PubMedPubMedCentral

	34.
McCrea PH, Eng JJ. Consequences of increased neuromotor noise for reaching movements in persons with stroke. Exp Brain Res. 2005;162:70–7.PubMed

	35.
Mottet D, van Dokkum LEH, Froger J, Gouaïch A, Laffont I. Trajectory formation principles are the same after mild or moderate stroke. PLoS ONE. 2017;12: e0173674.PubMedPubMedCentral

	36.
Choi Y, Qi F, Gordon J, Schweighofer N. Performance-based adaptive schedules enhance motor learning. J Mot Behav. 2008;40:273–80.PubMed

	37.
Bellgrove MA, Phillips JG, Bradshaw JL, Gallucci RM. Response (re-) programming in aging: a kinematic analysis. J Gerontol A Biol Sci Med Sci. 1998;53:M222–7.PubMed

	38.
Vasylenko O, Gorecka MM, Rodríguez-Aranda C. Manual dexterity in young and healthy older adults. 1. Age-and gender-related differences in unimanual and bimanual performance. Dev Psychobiol. 2018;60:407–27.PubMed

	39.
Cooke JD, Brown SH, Cunningham DA. Kinematics of arm movements in elderly humans. Neurobiol Aging. 1989;10:159–65.PubMed

	40.
Ketcham CJ, Seidler RD, Van Gemmert AW, Stelmach GE. Age-related kinematic differences as influenced by task difficulty, target size, and movement amplitude. J Gerontol B Psychol Sci Soc Sci. 2002;57:P54–64.PubMed

	41.
Gelman A, Hwang J, Vehtari A. Understanding predictive information criteria for Bayesian models. Stat Comput. 2014;24:997–1016.

	42.
Watanabe S, Opper M. Asymptotic equivalence of Bayes cross validation and widely applicable information criterion in singular learning theory. J Machine Learn Res 2010; 11.

	43.
Aguilar VS, van de Gronde JJ, Lamoth CJ, Maurits NM, Roerdink JB. Assessing dynamic balance performance during exergaming based on speed and curvature of body movements. IEEE Trans Neural Syst Rehabil Eng. 2017;26:171–80.

	44.
Gordon J, Ghilardi MF, Cooper SE, Ghez C. Accuracy of planar reaching movements. Exp Brain Res. 1994;99:112–30.PubMed

	45.
Smyrnis N, Evdokimidis I, Constantinidis T, Kastrinakis G. Speed-accuracy trade-off in the performance of pointing movements in different directions in two-dimensional space. Exp Brain Res. 2000;134:21–31.PubMed

	46.
Soukoreff RW, MacKenzie IS. Towards a standard for pointing device evaluation, perspectives on 27 years of Fitts’ law research in HCI. Int J Hum Comput Stud. 2004;61:751–89.

	47.
Moore DS, Notz WI, Fligner MA. The basic practice of statistics. Macmillan Higher Education; 2015.

	48.
Metrot J, Froger J, Hauret I, Mottet D, van Dokkum L, Laffont I. Motor recovery of the ipsilesional upper limb in subacute stroke. Arch Phys Med Rehabil. 2013;94:2283–90.PubMed

	49.
Semrau JA, Herter TM, Kenzie JM, Findlater SE, Scott SH, Dukelow SP. Robotic characterization of ipsilesional motor function in subacute stroke. Neurorehabil Neural Repair. 2017;31:571–82.PubMed

	50.
Caimmi M, Carda S, Giovanzana C, Maini ES, Sabatini AM, Smania N, Molteni F. Using kinematic analysis to evaluate constraint-induced movement therapy in chronic stroke patients. Neurorehabil Neural Repair. 2008;22:31–9.PubMed

	51.
Park H, Schweighofer N. Nonlinear mixed-effects model reveals a distinction between learning and performance in intensive reach training post-stroke. J Neuroeng Rehabil. 2017;14:1–12.

	52.
Wittmann F, Lambercy O, Gonzenbach RR, van Raai MA, Höver R, Held J, Starkey ML, Curt A, Luft A, Gassert R. Assessment-driven arm therapy at home using an IMU-based virtual reality system. In 2015 IEEE international conference on rehabilitation robotics (ICORR). IEEE; 2015: 707–712.

	53.
Moore Z, Sifferman C, Tullis S, Ma M, Proffitt R, Skubic M. Depth Sensor-Based In-Home Daily Activity Recognition and Assessment System for Stroke Rehabilitation. In 2019 IEEE International Conference on Bioinformatics and Biomedicine (BIBM). IEEE; 2019: 1051–1056.

	54.
Hwang Y, Lee S, Hong J, Kim J. A novel end-effector robot system enabling to monitor upper-extremity posture during robot-aided planar reaching movements. IEEE Robot Autom Lett. 2020;5:3035–41.

	55.
Lee S, Lee Y-S, Kim J. Automated evaluation of upper-limb motor function impairment using Fugl-Meyer assessment. IEEE Trans Neural Syst Rehabil Eng. 2017;26:125–34.PubMed



Publisher's Note
Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


OEBPS/images/12984_2023_1189_Article_TeX_Equ5.png
Gn(’&) TM&( ) TMe( )

TM,e (Z)





OEBPS/images/12984_2023_1189_Article_TeX_Equ4.png
Ty =¢" x AY x AS”?





OEBPS/images/12984_2023_1189_Article_TeX_Equ3.png
T = e x A% x AS? x (NS +1)'xCI/





OEBPS/images/12984_2023_1189_Article_TeX_Equ2.png
Ty =" x A% x AS? x (EC + 1)°x(NS +1)" x (NSO +1)" x I





OEBPS/images/12984_2023_1189_Fig12_HTML.png
RZ

0.9

0.8

0.7

0.6

0.5

0.4

R? Distribution of the Proposed Model

[}
° w
- .. ®
$
L T °
- ®
s}
__________ - P —
L o
[ Healthy ° o
T | Less-affected
[ Less-affected (Pilot)

Healthy Less-affected Less-affected (Pilot)





OEBPS/images/12984_2023_1189_Article_TeX_Equ1.png
2A
Ty =a+bxlog, <W>





OEBPS/images/12984_2023_1189_Fig11_HTML.png
Q
[y

P2

P3

P4

Movement Time [ms]

8000

6000

4000

3500

3000

2500

6000

5000

4000

3000

5000

4000

3000

3500

3000

2500

Movement Time

Normalized Error

Normalized Error (E,,)

CO0O000

Movement Time Normalized Error

4000 06
p7 0.4

3000 0.2

2500 0

4500

4000 0.4
P8 3500 0.2

3000
2500

3500

P9 300

2500

2000
4500
4000

P10 3500

3000
2500

000000

6000 4
5000
P11 )
4000
3000
0
4500 0.3
4000 0.2
12 00 0.1
3000 0
2500





OEBPS/images/12984_2023_1189_Article_TeX_IEq27.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq26.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq25.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq24.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq23.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq22.png





OEBPS/images/12984_2023_1189_Fig6_HTML.png
2500

2000

1500 1

Average AIC

-500 1

-1000 ¢

2500

2000

1500

1000

Average AIC

-500

1000 r

500 r

Comparison of Model AIC

Healthy

b

500

-1000

Fitts  Almanji Proposed

Less affected

Fitts ~ Almanji Proposed

Less affected and Affected

[ Less-affected
[ Affected

Ba

d 500,

400

300

200

100

Average AIC

-100

-200

Fitts

Almanji

Proposed

Less-affected and Affected in Pilot Study

[ Less-affected
[ Affected

L

Fitts

Almaniji

Proposed





OEBPS/images/12984_2023_1189_Article_TeX_IEq21.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq20.png





OEBPS/css/sidebar.gif





OEBPS/navigation.xhtml

    
      Contents


      
        		Novel evaluation of upper-limb motor performance after stroke based on normal reaching movement model


      


    
    
      Landmarks


      
        		Body Matter


      


    
  

OEBPS/images/12984_2023_1189_Fig10_HTML.png
S1

S2

S3

S4

S5

S6

S7

€

Movement Time C2

o [

- 180 g
E 3000 ] 0.2

g 2

£ T
= 2500 @ 0.1

€ £

[

£ 2000 S
[ © 0

> )

g 1500 4

5000

4000

3000 0.5

2000

4000 0.8

0.6
0.4
0.2

3500
3000
2500
2000
1500
0.4
0.3
0.2
0.1

2500

2000

1500

3000

2500

0.5
2000

1500

5000

4000

3000

2000

0.3
2500
0.2

2000

1500

Normalized Error

Normalized Error (E},)

50 HYOO0O0





OEBPS/images/12984_2023_1189_Fig2_HTML.png
("1)30|

o
©

Regressed F
Data

Ing
log(AS)

Inear

® Reach

L

-14

log(A)






OEBPS/images/12984_2023_1189_Article_TeX_IEq19.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq18.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq17.png





OEBPS/css/envelope.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq16.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq15.png





OEBPS/images/12984_2023_1189_Fig5_HTML.png
Monitor for
visually-guided
reaching

®

rebless planar
Rehabilitation
Robot






OEBPS/images/12984_2023_1189_Article_TeX_IEq14.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq13.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq12.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq11.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq10.png





OEBPS/images/12984_2023_1189_Fig8_HTML.png
Number of Submovement

Fitts Law Fitts Law
T °
T 4000 4000 -
—_ + ® °
L .
E o o
= 2000 ° 2000
S o ®
2 ;
[} Q i 0
(h'e | b4 °
8 3
-2000 -2000
4 6 8 1 2 3
Proposed Model Proposed Model
* 4000 T .
—_— ol ) °
(—g 2000 "
._9 ®
(] [ ]
g . i |1
:
-2000
2 6
Almanji Model Almanji Model
4000 4000
)
E
T 2000 2000
]
S
[}
& -% 0 e § ! ° OM oty oo
-2000 -2000
2 6 8 1 2 3
e S1 e S5 ' ' ' T
© 82  S6 e - H -~~~ -+
® S3 e 57
° sS4

Curvature Index





OEBPS/images/12984_2023_1189_Fig9_HTML.png
Fitts Law

+
X 4000 © o
g2 :
.1 [ ]
—_— BE [ ]
—= 2000
S 3 :
) i
[}
g0
i -2000
4 6 8
Proposed Model
+ 4000
E £ e o
= % 20000 & 3
=
2| |
A ’
= H
= -2000 =
2 4 6 8
Almanji Model
4000
»
£
= 2000
>
S
[}
&J ;. 0e ' 00 o o
-2000
° P1 P7 . § 9
o P2 P8
- P3 P9 —— -
° P4 P10
¢ P5 P11| Number of Submovement
© P6 P12

4000

2000

4000

2000

-2000
1

4000

2000

-2000
1

Fitts Law

Almanji Model

Curvature Index






OEBPS/images/12984_2023_1189_Fig3_HTML.png
0.4
0.3
0.2
0.1

1 >
=p
o
(2]
o
Normalized Error =%
o

Normal reaching
—

Affected reaching






OEBPS/images/12984_2023_1189_Fig4_HTML.png
Monitor for
visually-guided
reaching

&0

-.‘vIII,IIIII

HapticMaster
End-effector






OEBPS/images/12984_2023_1189_Fig1_HTML.png
Model Formulation
for Normal Reaching Movement

®

Fitts’s Law (1) [24]

: §

Proposed Model (4)

[ Almanji Model (2) [26]
N\

~

Evaluation Method based on Normal Reaching Model

( Identify individual’s model

based on RM data of less-affected Obtain estimated natural

movement time using the model

MlLinear Regressed Fit
Data

8

108(Ty)

Evaluate RM performance of
affected arm by comparing the
estimated normal movement time
with the actual movement time (5)

log(4S)

\ log(4) ’






OEBPS/images/12984_2023_1189_Article_TeX_IEq5.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq6.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq7.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq8.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq9.png





OEBPS/images/12984_2023_1189_Fig7_HTML.png
0.1

0.9

0.8

0.7

0.6

0.5

0.4

0.3

0.2
0.1

Comparison of Model R?

Healthy
o
s
o é
® H1 ®
e H2
o [T T T T T T T T T T T
e H4
® H5
® He
® H7
© Hs
L ® H9
e H10
L ® HN
| ® H12
Fitts Almanji Proposed
Less-affected and Affected
= '_ ’—0
e O [
[ Less affected =
[T Affected Py
® si b
* 2 .
o s3 °
o sS4
® S5
e 6
L ® s7
Fitts Almaniji Proposed
Less-affected and Affected in Pilot Study
- . —— &
o®
r a
©
L = °®
o [ lLess affected P °
[ | Affected ®
[T [ e ] o P 2 [T
] o e P2
0y 3 ° P e
° ® P4
" o ® ps -
® P6 e O
M e e p7 °
. P8
r ® P9 ®
8 i o P10
- . e P11 »
® P12
L @ . L
Fitts Almaniji Proposed






OEBPS/images/12984_2023_1189_Article_TeX_IEq1.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq2.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq3.png





OEBPS/images/12984_2023_1189_Article_TeX_IEq4.png





