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ABSTRACT 
Robot-based, assist-as-needed (AAN) therapeutic devices 

are one solution to the high costs and increased demand for 
rehabilitative therapy. Three decades of work have improved the 
design of robot-based AAN devices; however, the role that 
humans play in successful AAN rehabilitation has been less well-
studied. In this paper, we briefly describe a framework for 
understanding human engagement with AAN devices. We then 
test this framework with a small sample of 10 healthy volunteers. 
We find evidence that task-based (weight) characteristics and 
physical states (accuracy) inform peoples’ Judgments of 
Difficulty (JODs). In contrast, volunteers’ engagement with AAN 
rehabilitation was tentatively informed by the amount of time 
spent on the last exercise. Together, these results suggest that 
JODs and task engagement decisions are distinct – but related – 
constructs that are present during rehabilitation. 

Keywords: Assist-as-needed devices; rehabilitation; 
metacognition; human factors 

1. INTRODUCTION 
Globally, 2.41 billion people live with conditions that would 

benefit from rehabilitation. In 2019, these conditions shortened 
the lives of the 75-and-older population by a combined 351 
million years. Rehabilitative therapy is particularly helpful in 
restoring mobility to people with chronic disease [1]. 

Traditionally, rehabilitative therapy requires patients to 
perform repetitive motions under the supervision of a specialist 
[2]. Adherence to these programs is low due to cost and the 
unavailability of rehabilitative specialists [3]. Alternative 
approaches must be considered to lower costs, lessen the demand 
on rehabilitative specialists, and improve access to care. 

One way to reduce cost and access burdens is to increase the 
amount of self-care conducted by the patient through home-
based therapy and telerehabilitation programs. Recent work 

identifies one such approach: adapting rehabilitative therapy for 
use with robotic exoskeletons. Such approaches rely on assist-
as-needed (AAN) algorithms that are designed to physically aid 
the patient in completing therapeutic exercises [4]. AAN devices 
consider characteristics of the patient (e.g., subjective fatigue, 
physical performance) and the device (e.g., motion path, 
assistance-reducing parameters) to ensure a patient is provided 
with the minimum amount of assistance required to complete a 
motion [5]. However, AAN support cannot be informed by the 
patient’s performance alone – both physical and mental factors 
influence task performance. 

1.1 Factors Affecting the Success of Therapeutic 
Interventions 

Existing work on AAN devices considers rehabilitation 
from the perspective of applied research and development [6]. 
This work seeks to develop algorithms that provide patients with 
mechanical assistance as the therapeutic task becomes too 
difficult. When these algorithms are successful, physiological 
sensors trigger a motor to move an exoskeleton in ways that 
counteract changes in patient engagement [7]. Efforts to improve 
the sensitivity and accuracy of these algorithms improve 
therapeutic outcomes by guarding against engineering errors [8]; 
however, these efforts cannot guard against errors of human 
judgment.   

When a task is easy and within a patient’s ability, it should 
be completed without AAN control. Conversely, a hard task that 
exceeds a patient’s ability should be completed with AAN 
control. These outcomes are possible when the AAN algorithm 
and patient are well-calibrated and sensitive to changes in task 
difficulty. Poor therapeutic outcomes can arise from errors on the 
part of the system or the patient.  
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1.2 Metacognition 
A patient’s decision to engage with a therapeutic task is 

informed by person- (e.g., beliefs about mobility, strength, and 

fatigue) and task-based (e.g., perceived difficulty; task 
incentives; presence of AAN control) characteristics [9]. For 
example, a person who experiences increasing fatigue is more 
likely to withdraw from a task. Gathering information in this way 
is referred to as metacognitive monitoring; information gathered 
through monitoring can be used to assert control within a task 
and reach a desired outcome (see Figure 1) [10]. 
FIGURE 1: PERSON-BASED AND TASK-BASED 
CHARACTERISTICS CONTRIBUTE TO PATIENTS’ TASK 
ENGAGEMENT DECISIONS [9, 10]. 
 

Person- and task-based characteristics have an objective 
value. Yet, peoples’ perceptions of these values are affected by 
individual differences in neurology and experience. Consider 
Judgments of Difficulty (JODs), which play an important role in 
task engagement. JODs are a product of the task- and person-
based characteristics that are available before and during task 
engagement [11]. For example, patients compare the weight that 
will be used during a therapeutic activity against their beliefs 
about personal strength and mobility. Information about task 
performance can be integrated into their mental model as they 
complete a task [12]. Together, these characteristics inform a 
patients’ effort allocation strategy and physical performance [11] 
(see Figure 2). 

 

FIGURE 2: SUCCESSFUL REHABILITATION IS DRIVEN BY 
THE RELATIONS BETWEEN TASK-BASED 

CHARACTERISTICS, PERSON-BASED CHARACTERISTICS, 
AND PHYSICAL STATES. 

 

1.3 Trust in Automation 
A patient’s decision to engage with a therapeutic task is also 

informed by their trust in automated systems. This trust is driven 
by three factors: dispositional trust, situational trust, and learned 
trust [13]. Dispositional trust represents a patient’s overall 
tendency to trust automation, independent of context or system. 
This type of trust is influenced by individual differences – 
including age and gender – and is relatively fixed in a population. 
Situational trust, in contrast, is informed by task-based and 
person-based characteristics that can be changed. For example, 
self-efficacy guides trust formation and informs peoples’ use of 
automated systems: when people trust automated systems, they 
are willing to allow them to compensate for their perceived 
inabilities [14] and heightened workloads [15]. It is important to 
ensure that situational trust produces well-calibrated outcomes 
because a patient’s experiences with a system inform their 
learned trust. If an individual has experienced automation 
incidents due to engineering or human errors, they may become 
less likely to trust the system altogether. Therefore, it is 
important to address the sources of both engineering and human 
errors in rehabilitation contexts. 

The purpose of this study was to understand the relationship 
between the physical and mental factors as they relate to robot-
based assist-as-needed rehabilitation. Specifically, we wanted to 
determine whether person-based and/or task-based 
characteristics affected participants’ JODs or their performance 
during rehabilitative tasks. 

2. METHOD 
2.1 Participants  

Seven men and three women (𝜇age = 22) from Wichita, KS, 
volunteered to participate in the research study. The participants 
were recruited through convenience sampling and had normal 
upper-arm mobility.  
2.2 Procedure 

Participants completed a 55-minute experimental session 
during which they learned and performed three tasks of daily 
living. The ball toss task required participants to overhand toss a 
6cm ball into circular baskets of varying size while seated. The 
elbow flexion and extension task required participants to perform 
a bicep curl with various weights while standing. The object 
manipulation task required participants to move various weights 
from one location to another while seated. Participants 
completed 8 sets of 5 repetitions of each task in a random order. 
The difficulty of each task was manipulated after each set of 5 
reps; each difficulty level was completed twice within the 
context of a task (see Table 1). 
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Table 1. Dimensions of difficulty used in tasks of daily living. 
task difficulty manipulation 
ball toss basket diameter (7, 9, 11, 13 cm) 
elbow flexion/extension weight (0.5, 1.0, 1.5, 2.5 kg) 
object manipulation weight (0.5, 1.0, 1.5, 2.5 kg) 

 

2.3 Physical State Measures 
EMG data was gathered from 6 muscles of the right arm 

(pectoralis major, biceps brachii, triceps brachii, deltoid, 
brachioradialis, flexor carpi) using a Delsys sensor system. Data 
was recorded continuously from the start to the end of each set 
of 5 reps. Accelerometer data was recorded from the biceps 
brachii and flexor carpi muscles, which gives the upper arm’s 
trajectory in x, y, z coordinates. Root mean square (RMS) was 
calculated to find the amplitude of the EMG signal for each 
muscle; averaged peak EMG amplitude (in mV) was also 
recorded for each set. Additionally, we noted the number of 
successful reps and recorded completion time for each set. 

2.4 Metacognitive Measures 
Participants completed the New General Self-Efficacy scale 

before completing each task. This survey instrument invited 
participants to endorse statements related to their ability to 
perform each task (e.g., “I feel I will be able to achieve most of 
the goals that I set for myself in the [name of task].”) on a scale 
from 1 (strongly agree) to 5 (strongly disagree). Participants’ 
responses were averaged into a composite score to produce a 
NGS score for each task. Participants also indicated whether the 
task was “easier or harder than the last” (i.e., made a JOD) after 
each set of 5 reps. 

3. RESULTS 
3.1 Physical States 

An amplitude analysis revealed a roughly proportional 
relation between muscle activity (i.e., EMG amplitude) and force 
applied during each task. Figure 3 shows the amplitude of a 
patient’s biceps brachii during an object manipulation task with 
2.5kg weight. This relation is helpful to understand a patient’s 
performance and improvement in rehabilitative therapy. 

A timing analysis was conducted with threshold calculation 
for each muscle to obtain the interval of activation during each 
task. Figure 4 shows the duration of a patient’s biceps brachii 
activation for the object manipulation task of 2.5kg.  This figure 
depicts the activeness of the muscle relative to a 0V baseline 
indicating inactivity. This analysis not only depicts the start and 
finish of each muscle contraction but also provides insight on the 
length of the contraction and resting periods.  

FIGURE 3: MUSCLE ACTIVITY OF THE BICEPS 
BRACHII MUSCLE DURING THE OBJECT 
MANIPULATION TASK WITH 2.5 KG OF WEIGHT. 
PURPLE RECTANGLES REPRESENT ACTIVATION 
INTERVALS; AVERAGE EMG POWER (RMS) IS 
DEPICTED IN RED. 

3.2 Task Engagement 
A multi-level gamma regression was used to explore the 

relationships between lagged task-based characteristics 
(difficulty), person-based characteristics (accuracy, time-on-
task, JODs), and future task engagement, as measured by peak 
EMG amplitude. Predictors were means-centered and effect-
coded prior to analysis to ensure the model intercept represented 
the sample grand mean. The model intercept was allowed to vary 
across subjects to control for individual differences in 
perceptions of difficulty. All effects are reported in Table 2. 
 
Table 2. Parameter estimates from the physical state analysis. 

predictor B 95% CI 
intercept 11.79 (9.03, 14.55) 
trial -0.02 (-0.08, 0.04) 
lagged time -0.13 (-0.23, -0.03) 
lagged accuracy -0.18 (-0.49, 0.13) 
lagged difficulty 0.34 (-1.05, 1.73) 
ball toss 3.08 (1.86, 4.30) 
elbow flexion/extension 0.52 (-0.40, 1.44) 
lagged peak EMG 0.05 (-1.56, 1.66) 
lagged JOD 0.10 (-0.23, 0.43) 
Difficulty × Ball Toss 0.92 (-1.37, 3.21) 
Difficulty × Elbow F/E 0.10 (-1.68, 1.88) 
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Participants’ muscle activity was relatively stable across the 
experiment, although some tasks required more effort than others 
(see Figure 4). Additionally, participants allocated more effort 
following longer trials (see Figure 5). Interestingly, JODs did not 
inform our healthy volunteers’ effort allocation decisions 
(see Figure 6). 

 
FIGURE 4: PEAK EMG AMPLITUDE WAS RELATIVELY 
CONSISTENT ACROSS THE EXPERIMENT. 

 
FIGURE 5: PEAK EMG AMPLITUDE WAS HIGHER 
FOLLOWING LONGER TRIALS. 
 
 

 
FIGURE 6: PEAK EMG AMPLITUDE WAS UNAFFECTED 
BY JODS (0 = “EASIER”, 1 = “HARDER”). 
 

3.3 Metacognition 
A multi-level logistic regression was used to explore the 

relationships between task-based characteristics (difficulty), 
person-based characteristics (accuracy, time-on-task, peak 
EMG), and JODs. Predictors were means-centered and effect-
coded prior to analysis to ensure the model intercept represented 
the sample grand mean. The model intercept was allowed to vary 
across subjects to control for individual differences in 
perceptions of difficulty. All effects are reported in Table 3; 
select relationships are illustrated in Figures 6-8. 

Participants’ JODs were strongly informed by the objective 
difficulty of the task (see Figure 8). To a lesser extent, JODs were 
also informed by performance-based feedback in the form of task 
accuracy (see Figure 9) and physical effort (see Figure 10). 
 
 
 
 
Table 3. Parameter estimates from the metacognitive analysis. 

predictor B 95% CI 
intercept -0.35 (0.003, -0.70) 
trial -0.01 (-0.07, 0.05) 
time -0.05 (-0.13, 0.03) 
accuracy 0.62 (-0.05, 1.29) 
difficulty 4.01 (2.83, 5.19) 
ball toss 1.83 (-0.19, 3.85) 
elbow flexion/extension -1.24 (-0.08, -2.40) 
peak EMG 2.28 (-0.46, 5.02) 
Difficulty × Ball Toss -1.43 (-2.90, 0.04) 
Difficulty × Elbow F/E 1.13 (-0.65, 2.91) 
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FIGURE 8: OBJECTIVE TASK DIFFICULTY SHARED A 
RELATIONSHIP WITH JODS. 
 
 
 

 
FIGURE 9: ACCURACY SHARED A RELATIONSHIP 
WITH JODS. 

 
FIGURE 10: PHYSICAL EFFORT SHARED A 
RELATIONSHIP WITH JODS. 

4. CONCLUSION 
Pilot data collected from ten participants indicates the presence 
of a relationship between physical and mental factors in task 
engagement decisions. These results demonstrate proof-of-
concept for a framework for understanding human engagement 
with AAN devices in the development of AAN exoskeletons. 
Additionally, these results suggest that JODs and task 
engagement decisions are distinct, but related constructs that are 
present during rehabilitation. 
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