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Abstract— Objective: Gait-assistive technology has the po-
tential to benefit millions, but adoption is limited by challenges
in tuning assistance to simultaneously provide biomechanical
benefits and satisfy patient and clinician preference. In this
study, we quantify the dissonance between these outcomes,
inspect its sources, and propose methods to address it. Meth-
ods: We collected biomechanics and preference data from nine
individuals post-stroke using a plantarflexion neuroprosthesis,
and 96 corresponding preference datasets from 36 clinicians.
We inspected the biomechanics and preference modeled out-
comes occurring when either outcome was optimized in isola-
tion. Then, we used weighted sums of biomechanical principal
components to identify determinants of preference for patients
and clinicians, and inspected their anatomical locations. Fi-
nally, we extended this weighting method to biomechanical
metrics, and developed a method of balancing preference with
multiple metric outcomes. Results: We found that maximizing
modeled preference or biomechanics produced poor modeled
outcomes in the other domain. Patient and clinician preference
could be strongly approximated with fewer than five extracted
biomechanical determinants, though heterogeneity of deter-
minants across individuals was high. Our metric-preference
balanced method of tuning assistance significantly improved
preference outcomes compared to metric-optimal assistance
and prevented negative biomechanical outcomes for individ-
ualized sets of both one and ten metrics. Conclusion: This
work demonstrates the importance of both biomechanics and
preference in gait-assistive device tuning, highlights the indi-
vidualized nature of the biomechanical determinants of prefer-
ence, and demonstrates, via offline modeling, that balancing
biomechanics and preference is possible. Significance: This
work highlights the necessity and feasibility of balanced tuning
in gait-assistive devices.

Index Terms— Assistive and Rehabilitative Technology, Per-
sonalized Assistance, Gait Biomechanics, User Preference
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[. INTRODUCTION

EARABLE gait assistive and rehabilitative technolo-

gies, such as robotic exosuits, exoskeletons, and neuro-
prostheses, have emerged as promising tools to restore mobility
across diverse populations [1], [2], [3], [4], [5], [6]. These
devices provide assistance through a number of mechanisms
[7], [8], offering immediate gait improvement [6] as well as
long-term rehabilitative benefits [9].

Despite their demonstrated benefits to gait biomechanics in
research studies, wearable devices continue to face barriers
to widespread adoption, reflected in low prescription [10]
and high abandonment rates [11], [12]. A key challenge
lies in providing effective assistance by devices to match
individual needs. Furthermore, improper tuning of devices can
adversely impact biomechanics, leading to significantly worse
gait outcomes [6]. For assistive and rehabilitative devices to
achieve widespread clinical adoption, it is important to balance
biomechanical efficacy with patient and clinician perceptions
of assistance, comfort, and safety [13]. Traditional approaches
such as expert manual tuning and human-in-the-loop opti-
mization have mostly focused on maximizing biomechanical
outcomes or energy efficiency [14], [15], [16], [17], yet
these approaches often neglect user perception and preference,
which are factors crucial to patient adherence, clinician pre-
scription, and ultimately long-term device acceptance [13],
[18], [19]. On the other hand, recent studies have demon-
strated the utility of using user preference as an objective
for tuning assistive devices, achieving promising results across
a variety of devices, including rigid exoskeletons [20], [21],
[22], prostheses [23], and robotic emulators [24]. However, to
date, preference-based tuning methods have been conducted
independently of biomechanical outcomes, meaning there is
no guarantee of delivering biomechanical benefits to the user.
Given the complexities of human-device interaction and the
fact that both biomechanics and preference are influencing
factors of assistive device adoption, there is a clear need to
investigate the outcomes from tuning these factors separately.

At present, the biomechanical outcomes associated with
preference-based tuning are not well understood, along with
the biomechanical determinants of perception [22], [25]. Prior
studies have highlighted divergence between user preference
and widely used biomechanics-based performance metrics
in terms of energy expenditure when adopting prescribed
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gait patterns [26], energy storage and return when tuning
joint stiffness in lower limb prostheses [27], and metabolic
efficiency when tuning exoskeletons [28], [29] and lower
limb prostheses [30]. In order to balance these divergent
tuning paradigms, there is a need to investigate the outcomes
associated with tuning for biomechanics or preference, identify
potential conflicts between them, and develop strategies that
align these potentially dissonant objectives for improved device
efficacy and acceptance by both clinicians and patients.

Beyond differences between biomechanical metrics and user
preference, another crucial, yet often overlooked, factor is the
potential discrepancy between patient and clinician perceptions
of device efficacy. While clinicians rely primarily on visual
assessments of gait, patients rely on their direct experience,
creating potentially differing perceptions of comfort, assistance
and safety. Despite inherent synergy between clinicians and
patients in acceptance of assistive and rehabilitative devices,
where acceptance by one group influences acceptance by the
other [13], these perceptual differences may complicate tuning
decisions and warrants further investigation. For example, in
the case of prosthetic ankle tuning, prosthetists and patients
preferred different stiffness values [31]. To begin addressing the
challenge of accommodating conflicting preferences, resultant
preferences and their associated biomechanical determinants for
both clinicians and patients should be examined.

Tuning parameters to satisfy the preferences of multiple
stakeholders (clinicians and patients) while achieving desired
biomechanical outcomes is especially challenging in popula-
tions with neurological gait impairments. This encompasses a
vast number of individuals, with causes such as stroke, spinal
cord injury, and traumatic brain injury that affect hundreds
of millions of people worldwide [32], [33], [34], [35]. This
additional complexity in assisting individuals with neurological
gait impairment arises from inherent gait pattern heterogeneity
[36], [37], [38], varying chronicity [39], [40], and individual-
specific functional goals [41], [42], which together necessitate
high levels of personalization to provide effective assistance.
Furthermore, safety, comfort, and therapeutic efficacy often
present competing priorities for populations with neurological
gait impairments, as greater levels of assistance may come at
the cost of increased discomfort or perceived safety concerns,
leading to lower adherence rates [43], [44]. The emphasis
on individualization, paired with these competing consider-
ations may lead to conflicts and reduced adherence. Given
that successful gait neuro-rehabilitation is predicated on high-
dosage, consistent device usage [45], [46], understanding how
biomechanical performance, clinician perception, and patient
perception interact becomes essential to achieving both clinical
efficacy and widespread acceptance. The majority of existing
preference-based tuning studies have predominantly focused on
populations without neurological impairment or devices with
simple tuning parameter spaces [29], [47], [48], [49], so it
remains unclear how these findings may translate to clinical
populations and devices with more complex multi-dimensional
parameter spaces. Ultimately, for gait assistive technology to
benefit clinical populations with neurological gait impairments,
there is a pressing need to understand the biomechanical deter-
minants of preference, and explore the potential of preference-

based tuning specifically for these populations. Addressing
these challenges is essential to the advancement of robotic
assistive technologies, enabling them to transition effectively
from laboratory to clinical use.

In this work, we study the relationship between biomechanical
outcomes and patient and clinician preference outcomes, using
lower-limb neuroprosthesis parameter tuning as a model of how
these competing objectives could be balanced. We first model
biomechanical and preference outcomes in response to gait
assistance. We then quantify the level of dissonance associated
with tuning assistance to maximize either modeled biomechan-
ics or preference outcomes in isolation. To understand this fur-
ther, we present a method of approximating modeled preference
with a weighted sum of normalized biomechanical models, and
inspect key differences in how these biomechanical variables are
prioritized when approximating patient and clinician preference.
Finally, we propose a balanced method of tuning assistance using
metric-regularized preference maximization, which optimizes
modeled preference within assistance parameter regions that
guarantee positive outcomes of modeled biomechanical point
metrics, and perform offline evaluation of this method on
our collected dataset against isolated optimization of modeled
biomechanical or preference outcomes.

[I. METHODS

In this section, we first describe the collection of patient
spatiotemporal, kinematic, and kinetic gait data (henceforth
referred to as biomechanical data), the collection of patient and
clinician preference data, and the plantarflexion neuroprosthesis
used to deliver gait assistance. Then, we outline methods used
to create models of changes to each participant’s biomechanics
and preference induced by delivered assistance, which we use
to compare optimal outcomes in each domain (preference and
biomechanics). Then, we present a method of approximating the
modeled response of a participant in one domain by modeled
responses in another domain, which we use to quantify biome-
chanical correlates and determinants of preference. Finally, we
present a method of using biomechanical metric determinants
of preference to penalize assistance parameter tuning, resulting
in metric-regularized preference maximization.

A. Study overview

Functional electrical stimulation (FES) was delivered to
plantarflexor and dorsiflexor muscles of the paretic leg of partic-
ipants with chronic post-stroke hemiparesis (see Fig.[[|A). The
assistance parameters @ = [, I]7 varied were plantarflexion
sitmulation onset timing, 7, and amplitude, I (see Fig. |I| B
and C), while dorsiflexor stimulation was held fixed in order to
maintain safe toe clearance during walking. The biomechanical
outcomes considered in this study were extracted outcomes via
multivariate functional principal component analysis (MFPCA),
and metric outcomes covering a range of kinetic, kinematic, and
spatiotemporal metrics that are commonly used in biomechanics
studies (see Supplementary Methods and Fig. |l| E). Patient
preference was collected in parallel with biomechanical data
collection via a series of two-interval forced choice (2IFC)
questions separately comparing the relative perceived safety,
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Fig. 1: Experimental setup extracting biomechanical and preference responses to trial sets of assistance parameter values. (A)
Participants trialed stimulation profiles during fixed-speed treadmill walking, while ground reaction force and motion capture data
were collected. (B) Plantarflexor stimulation onset timing and amplitude were varied while plantarflexor stimulation offset and
dorsiflexor stimulation were fixed. (C) 25 stimulation profiles were tested. Profiles were sampled systematically such that perceptual
difference between subsequent profiles was maximized and no overall trend was present in the full sequence of amplitudes and onset
timings. (D) Patient preference was collected in-session via a series of two-interval forced choice questions comparing subsequent
stimulation profiles. Clinician preference was collected via a series of two-alternative forced choice questions comparing patient
videos. (E) Biomechanical time-series data were collected during active (with stimulation) and slack (no stimulation) walking.
Point-based metrics were extracted from both conditions, and multivariate functional principal component analysis (MFPCA) was
performed on the difference between active and slack time-series data to capture changes due to assistance.

comfort, and assistance of sequential periods of assistance,
separated by unassisted washout periods (see Fig. [I| D left).
Clinician preference was obtained via a series of two-alternative
forced choice (2AFC) questions with identical wording to
patient questions, in response to frontal and paretic-side sagittal
plane videos of each patient walking with assistance, showing
sequential assistance profiles side-by-side in the order they were
experienced by the patient (see Fig. [T| D right).

1) Patient Data Collection: Patients performed five treadmill
walking bouts at 70% of their self-selected comfortable walking
speed, each consisting of alternating 30-second duration no-
assistance and assistance trials for six minutes. Participants
were exposed to a total of 25 assistance profiles; six different
assistance profiles during each walking bout, with the first
profile matching the last profile from the previous bout. All
biomechanics data were collected at 200 Hz using 18 optical
motion capture cameras (Qualisys AB; Sweden) and two 6
degree of freedom (DOF) force plates mounted beneath each
belt of a split-belt treadmill (Bertec Corp.; USA). Kinetic and
kinematic joint biomechanical data were processed with inverse
dynamics using a commercial motion analysis software (Vi-
sual3D, C-Motion Inc.; USA) and were filtered using a fourth-
order Butterworth low-pass filter with a 10 Hz cutoff frequency.
Changes in gait biomechanics were computed relative to the
no-assistance condition immediately preceding an assistance
condition to account for participant adaptation and fatigue.

2) Functional Electrical Stimulation System: The lower limb
neuroprosthesis presented in [6] was used to deliver unilat-
eral functional electrical stimulation (FES) assistance to the

muscle belly of the tibialis anterior for dorsiflexion, and the
gastrocnemius for plantarflexion. Stimulation frequency and
pulse duration were held at 40 Hz and 400 us, respectively,
and amplitude was kept constant within a pulse train.

3) Stimulation Parameter Sampling and Exploration Bounds: The
exploration region for onset timing 7 of plantarflexor stimulation
was constrained between T, = 10% and Thmax = 80% of
paretic stance phase to ensure that generated ankle torque
contributed to forward movement of the body. To avoid inducing
co-contraction, plantarflexor stimulation was terminated at 85%
of the estimated paretic stance phase.

To form an exploration region for plantarflexor stimulation
amplitude, each participant’s motor-point amplitude, Iiotor, and
the maximum tolerable amplitude at both 10% (Imax. tol. @10%)
and 80% (Imax. tol. @80%) onset timing was found. During trials,
amplitude was varied between a linear upper bound, scaled
with onset timing between Iiax. tol. @10% and Imax. tol. @80%, and
a lower bound Iy;,.. of:

(1)

25 assistance profiles were sampled from the trapezoidal ex-
ploration region (see Fig.[T|C) using systematic sampling with a
randomized starting point with two criteria. First, the parameter
space distance between sequential samples should be maximal,
to ensure that the perceptual difference between samples was
safely above just noticeable difference for preference responses.
Second, the sampled values of each parameter should be a time-
stationary signal, to avoid biasing a participant’s preference over
the course of the session. After flattening the 5 X 5 grid of
parameter values, sampling step sizes in the range [1, 25) were

Irnin. = Imotor T O~25(Imax. tol. @80% — motor)-
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tested. A step size of 9 was found to produce a statistically
time-stationary sequence (p < 0.001 amplitude, p < 0.05
onset timing, Augmented Dickey-Fuller test) with an average
subsequent sample difference of 1.625 indices in stimulation
amplitude and 2.208 indices in onset timing.

For all trials, dorsiflexor stimulation was delivered from 95%
of the estimated paretic stance phase to 90% of the estimated
non-paretic stance phase, as in our previous work [6].

B. Modeling and Comparing Preference and Biomechanics

To estimate optimal assistance parameter values and quan-
titatively compare preference and biomechanical outcomes,
Gaussian process regression was used to model each outcome as
a function of assistance parameter values a. For biomechanical
outcomes, this meant forming models of principal component
scores Y(a) and metric outcomes M(a) from datasets of
computed principal component scores D, = [yi, ..., yas]T
and metric outcomes D,, = [m, ..., mas]’, respectively.

For preference, this meant forming models of patient pref-
erence P(a) and clinician preference C(a) from datasets of
pairwise comparisons between the 25 assistance profiles D), =
(p1, ..., paslT,and D, = [cy, ..., ca5]7, respectively, where
p; and ¢; are binary indicators of whether profile i was preferred
to profile i + 1. In total, three preference models were created per
patient (Pg(a), P.(a), and P,(a))) and clinician (Cy(a), C.(a),
and C,(a)); one each for safety, comfort, and assistance.

1) Computing Biomechanical Responses to Assistance: The fol-
lowing biomechanical variables were recorded from the paretic
leg of each participant during walking trials using motion
capture: ground reaction force GRF, center of pressure COP,
foot orientation @y,0t, fOOt poSition Xfo0t, ankle angle g ,nkie, ankle
torque Tankle, knee angle @inee, knee torque Typee, hip angle
Ghip, hip torque Typ, trailing limb angle TLA (extracted as in
[50]), pelvis orientation @plyis, and pelvis position Xperyis. The
following spatiotemporal variables were also computed: stance
phase duration, Tyance, SWing phase duration, Tgying, and stride
duration, T = Tyance + Tswing-

We used MFPCA to decompose the stride-normalized time
series data from a given biomechanical variable b(t), ¢ € [0, T
across a stride of duration T (for example, foot position) to
a summation of a mean function b(z) and a series of K
multivariate functional principal components S (f) weighted
by corresponding principal component (PC) scores y¥:

K
b(t)=bt)+ >, yFBr(), )
k=1

For the mean stride time series data from each assistance profile,
the corresponding PC score was calculated (see Supplementary
Methods for details) to form a dataset of principal component
responses D, for each biomechanical variable and principle
component. MFPCA was used to extract a total of Ny = 96
principal component (PC) responses; K = 8 PCs extracted
from each of 12 multivariate biomechanical variables (excluding
TLA), which was sufficient to capture a minimum of 80%
variance for each biomechanical variable for every patient.
Concurrently, N,,, = 20 biomechanical point metrics found in
literature (see Supplementary Table S10) were also calculated:

propulsive impulse, mean vertical GRF, anterior-posterior COP
excursion, medio-lateral COP excursion, foot-to-floor angle at
initial contact, maximum lateral circumduction, peak ankle
torque, peak plantarflexion angle, ankle inversion at initial
contact, peak knee extension torque, peak knee extension,
peak hip flexion torque, peak trailing limb angle, peak hip
abduction, pelvis angle excursion, hip hiking, stride length,
stance time, stance-swing ratio, and stride time variability. Each
biomechanical point metric was computed from the mean stride
time series data from each assistance profile.

See Supplementary Methods for details of extracting principal
component responses and for point metric definitions.

2) Modeling Changes in Biomechanical Metrics: To model
changes in gait biomechanics in response to assistance parameter
values relative to unassisted walking, Gaussian process regres-
sion was used, following [51], where the regression function
to be modeled is a multivariate Gaussian. For each patient,
this modeling was performed for the Ny principal component
responses extracted from biomechanical variables, forming
Yi(a), ..., Yn, (@) models, and for the N, biomechanical point
metric responses, forming Mi(a), ..., My, ,(a) models. See
Supplementary Methods Gaussian process fitting details.

3) Modeling Patient and Clinician Preference: From the col-
lected preference datasets, models were created of each par-
ticipant’s latent utility function; the underlying true value in
terms of preference of an assistance profile. The preference
learning framework presented in [52] was used for this, in
which a multivariate Gaussian prior was defined across all latent
utilities, and uncertainty was present in latent utilities, modeled
by internal white noise. From this, the posterior distribution
was computed via Bayes’ rule (see Supplementary Methods).
Mann-Kendall tests were used to detect the monotonic trend
in a corrupted preference data that occurred when a participant
exhibited an order-based bias (for example, consistently favoring
the first option in each pairwise comparison). Datasets with
significant trends were discarded, resulting in Np ¢ = 9,
Np . =9, and Np,, = 7 patient models and N¢c s = 90,
Nc,c =92, and Nc, o = 90 clinician models for safety, comfort,
and assistance preferences respectively.

4) Comparing Models of Biomechanics and Preference: To com-
pare optimal modeled outcomes across each domain, biome-
chanical metric-optimal M outcomes and patient P and clini-
cian C preference-optimal outcomes, and their corresponding
assistance parameter values were extracted. For example, the
assistance parameter values that maximize a modeled clinician’s
preference response can be extracted (with similar formulations
for metric and patient optimal assistance parameter values):

dc = argmax(C(a)). 3)

Following this, the corresponding patient, clinician, and biome-
chanical responses to a given set of optimal assistance parameter
values can be estimated (see Fig.[2JA). For example, the modeled
patient preference response to assistance parameter values that
maximize modeled clinician preference can be estimated:

Pes = P@ac). 4

To quantify agreement between pairs of models, we calculated
the Spearman’s rank correlation coefficient between modeled
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responses at the 25 trialed parameter values.

To enable better comparison within and between modeled
preference and metric-based outcomes, when reporting results
we normalized outcomes. We normalized preference models
to have zero mean and unit maximum value. Metric models
were normalized such that zero corresponded to no change from
unassisted walking, and to have unit maximum value.

C. Approximating and Balancing Preference and
Biomechanical Models

1) Approximating Preference Models with Biomechanical Princi-
pal Component and Point Metric Models: To approximate prefer-
ence models with biomechanical models, the mean functions
of each Gaussian process were first scaled to have zero average
response and unit standard deviation across each mean function.
Approximate preference models, for example approximate pa-
tient preference Papprox, Were computed as a linear weighted sum

of N, biomechanical principal componentmodels Yi, ..., Yn,:
Ntl

Papprox(a) = Z Wij(a)' &)
j=1

The weight associated with each biomechanical principal com-
ponent model was computed to minimize the mean function
distance between the target preference model Pyygei(@) and the
approximate preference model Pypprox(a):

wj = argmin(d(Ptarget(a)5 Papprox(“)))~ (6)

Here, d(:, -) is the average Euclidean distance between the mean
functions of the Gaussian process models:

1

d(Prarget(a@), Papprox(@)) = ra)

IA | |Ptarget(a)_Pappr0x(a)| l2da,
@)

where A(a) is the area of the assistance parameter space that
the two mean functions cover. This was repeated for preference
approximations formed from models of biomechanical point
metric responses Mj, ..., My,. Due to the large number of
biomechanical principal component and point metric responses,
it was not computationally feasible to trial all combinations of
responses in approximating preference. As a more tractable
approach, biomechanical principal component models and
biomechanical point metric models were sequentially added to
the preference approximation. At each iteration, the addition
of each possible remaining response model was trialed by
recomputing the optimal weights, and the response model
which resulted in the smallest approximation cost was kept.
In experiments, we varied N, to inspect the effects of changing
the number of models on the resultant approximation.

2) Biomechanical Metric-Regularized Preference Maximization:
To find assistance parameter values that maximize modeled
preference while satisfying lower bounds on modeled biome-
chanical point metric outcomes, penalization was applied to
assistance parameter regions that produced negative modeled
metric outcomes. We selected the N, biomechanical point
metric models with the greatest preference approximation
weighting magnitude in order to focus on biomechanical metrics
that are determinants of preference. Penalization g;(a) from
biomechanical point metric model j was applied to regions of

negative modeled metric outcome, scaled by the approximation
weight magnitude |w |, and normalized to the standard deviation
o ; of the measured metric responses during unassisted walking:

wil .
gj(a) = ——min(M;(a),0). ®)
0j
This gave a resultant response landscape, used to find optimal
assistance parameter values, of:

N,
Ply(a) = P(a) +a Y, g (@), 9
j=1
where « is a penalization coefficient to be tuned to balance
maximizing modeled preference outcomes with maintaining
minimum modeled biomechanical point metric outcomes. Com-
puting the maximum value of the resultant model produces a
metric-regularized preference maxima P|y, with corresponding
assistance parameter values dpj,,. Individual model responses
to these parameter values are denoted M Pla etc. We varied
the number of metric models used in regularization N, and the
global penalization coefficient @, and studied their effects on the
resultant landscape and optimal outcomes.

D. Participants

N, = 9individuals with chronic post-stroke hemiparesis were
recruited to this study (8 male/l female, median [interquartile
range (IQR)] age 52 [14] years; 9 [5] years since stroke).
Patient characteristics are reported in Supplementary Table S8.
Inclusion criteria consisted of a minimum age of 18 years,
stroke chronicity greater than 6 months, the ability to walk
independently with or without an assistive device for a minimum
of 30 m, and a passive paretic ankle dorsiflexion range of motion
to neutral (i.e. 90 degrees between foot and tibia). Participants
were excluded if they had history of lower extremity joint
replacement, metal implants beneath stimulation sites, and/or
an inability to communicate with the study team. N. = 36
clinicians with a median [IQR] experience of 6 [9] years
working with individuals post-stroke; 1 [3] years working with
functional electrical stimulation were recruited to this study
(clinician characteristics are reported in Supplementary Table
S9). All study procedures were approved by the Institutional
Review Boards at Harvard University and Boston University,
all participants provided written informed consent, and medical
clearance was obtained from the primary healthcare providers
of participants with post-stroke hemiparesis.

E. Statistical Analyses

Correlation of approximated preference response with target
preference response data for patients and clinicians was statisti-
cally compared using a linear mixed effects model after Fisher
transformation. The linear mixed effects model equation related
transformed correlation to number of principal components
(#PCs) and participant group (patient or clinician):

Transformed Correlation ~ #PCs+C(Group)+#PCs : C(Group)

To identify groups of principal components that appeared more
or less than expected in an optimal set of models used to
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approximate preference, two-sided proportions z-tests were
used. To analyze the order in which models appeared in a
set used to approximate preference, we computed normalized
variable importance, where the rank score of groups of variables
was normalized by their expected rank score (if models had
been selected randomly), and one-sample Wilcoxon signed-rank
tests were performed, with an expected value of 1.0. To test
whether outcomes associated with patient-optimal assistance
were significantly different from those associated with clinician-
optimal assistance, two-sided Mann-Whitney U tests were used.
For paired outcomes, e.g., preference outcomes in response to
assistance parameter values that were metric-optimal versus
metric-regularized preference-optimal, two-sample Wilcoxon
signed-rank tests were used. Finally, to test whether metric
outcomes were significantly greater than zero (indicating that
negative metric outcomes had been avoided), one-sample
Wilcoxon signed-rank tests were used. Where multiple statistical
comparisons were made, Holm-Bonferroni corrections were
applied to the p-values associated with each comparison.

[1l. RESULTS

A. Dissonant preference and biomechanical metric
responses with optimal assistance parameter values

To compare the outcomes of selecting assistance parameter
values that optimize modeled preference and biomechanics, the
modeled responses of 20 biomechanical point metrics were
computed (see Supplementary Table S10, and Supplementary
Methods for computation details). As seen in Fig. 2] and Sup-
plementary Table S3, modeled patient and clinician preference-
optimal assistance consistently led to poorer modeled metric
outcomes than modeled biomechanical metric-optimal param-
eter values for kinematic, kinetic, and spatiotemporal metrics.
As seen in Fig. 2] B, parameter values that maximized mod-
eled patient and clinician preference produced median [IQR]
increases in foot to floor angle at initial contact of 0.032 [0.044]
radians, and 0.060 [0.079] radians, respectively, compared to a
modeled biomechanical metric-optimal reduction in foot to floor
angle of 0.132 [0.071] radians, corresponding to a significantly
poorer outcome (p < 0.05 and p < 0.01 for modeled patient
and clinician preference optimal, respectively, Mann-Whitney
U test). Fig. 2| C shows similar results for change in propulsive
impulse, with median [IQR] modeled biomechanical metric-
optimal change in propulsive impulse of 0.068 [0.059] N.s/kg,
significantly higher than modeled patient preference-optimal (-
0.030 [0.101] N.s/kg, p < 0.05, Mann-Whitney U test), and
clinician preference-optimal (0.000 [0.041] N.s/kg, p < 0.001,
Mann-Whitey U test). For change in stance-swing ratio (see Fig.
|Z| (), the median [IQR] modeled biomechanical metric-optimal
outcome was 0.201 [0.074], while modeled patient and clinician
preference-optimal were 0.031 [0.127] and 0.057 [0.098], both
significantly lower (p < 0.05 and p < 0.01, respectively, Mann-
Whitney U test). Simultaneously, for both patients and clinicians,
modeled biomechanical metric-optimal parameter values often
led to worse than the average modeled preference outcome for
each individual. This corresponds to respective median [IQR]
normalized modeled patient and clinician preference outcomes
of -0.176 [0.808] and -0.212 [0.674] for foot to floor angle-
optimal parameter values (Fig.[2]B), -0.114 [0.473] and -0.102
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Fig. 2: Modeled biomechanical point metric and patient and
clinician preference outcomes when selecting optimal assistance
parameter values in isolation. (A) Extracting optimal modeled
outcomes in terms of biomechanical metrics, clinician prefer-
ence, and patient preference. (B-D) Modeled outcomes when
tuning to maximize either modeled metric (M) or modeled
preference (P and €) (normalized to have zero mean and
unit maximum value) outcomes in isolation. Example metrics
shown: M5 foot to floor angle at initial contact (B), M;
propulsive impulse (C), and Mg stance-swing ratio (D). Signif-
icance between metric-optimal and preference-optimal modeled
biomechanical outcomes shown at *p < 0.05, **p < 0.01, and
**p < 0.001 levels, assessed using Mann-Whitney U-tests.

[0.808] for propulsive impulse-optimal parameter values (Fig.
|Z| C), and -0.318 [0.59] and -0.051 [0.652] for stance-swing
ratio-optimal parameter values (Fig. 2] C).

B. Identifying biomechanical determinants of preference

Models of preference and biomechanical principal compo-
nents (see Fig. 3] A-B) were compared in terms of correlation
coefficient magnitude. As seen in Fig. [ C, individual biome-
chanical models were poorly correlated with preference, and
very few individual models achieved even moderate (0.4 <
p < 0.6) correlation with comfort preference. To approximate
preference, a weighted linear sum of scaled biomechanical
models was computed that minimized the distance between the
mean functions of the preference and resultant approximated
models. As seen in Fig. 3] D, strong correlation (p > 0.8) of
the approximated model with modeled preference was observed
within three to four PCs. Moreover, the biomechanical variables
from which these top three PCs were extracted were highly
varied across participants and the preferred factors of safety,
comfort, and assistance (Supplementary Tables S5-S7).
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distance between the approximated and actual preference model.

We found that a significantly greater number of PCs were
required to approximate models of clinician safety preference
than patient safety preference (p < 0.05, linear mixed effects
model), as seen in Fig. ] A. To compare the relative importance
of biomechanical variables in preference approximation, the
rank-weighted approximation scores of groups of variable types
were computed (see Fig. 4] B-D), as well as the prevalence
of principal component models extracted from each biome-
chanical variable in the top three models used in preference
approximation (see Supplementary Table S4). Considerable
heterogeneity was observed in the biomechanical variables
used for preference approximation, with no single variable type
present in the majority of clinician and patient three-principal-
component preference approximations. The only exception
was hip torque, which appeared in four out of seven patient
preference approximations of assistance; however, this was not
statistically significant (see Supplementary Tables S4-S7). Knee
torque, however, was present in preference approximations for a
significantly low proportion of clinicians (see Supplementary
Table S4) for all three perceived factors, prompting future
investigation. As seen in Fig. @] B, kinematic variables were
significantly important in approximating modeled clinician
safety preference, with a median [IQR] normalized importance
value of 1.37 [0.43] (p < 0.001, Wilcoxon signed-rank test).
The anatomical locations important in approximating modeled
patient preference may be related to the preferred factor (safety,
comfort, or assistance), hinted at by varied importance response
for each preferred factor (see Fig. {f] C) and differences in the
anatomical locations of the top three biomechanical variables
in approximating any given patient’s preferred factors (see
Supplementary Tables S4-S7). However, these differences were
not significant and a larger sample size would be needed to test
this fully. For clinicians, this was not the case, with normalized
importance of each anatomical location being approximately
equal for safety, comfort, and assistance (see Fig. E| D). This
corroborates significantly high cross-correlations between each
preferred factor for clinicians (p < 0.001 in all cases, one-

sample  test after Fisher transformation, see Supplementary Fig.
S1). In approximating modeled clinician preference, it was found
that PCs extracted from the pelvis were significantly important in
approximating safety, comfort, and assistance preference, with
median [IQR] normalized importance values of 1.27 [1.47],
1.33 [1.23], and 1.33 [1.33] (p < 0.01, p < 0.001, p < 0.01;
Wilcoxon signed-rank test), respectively, as seen in Fig. ] D.

C. Balancing biomechanical outcomes and user preference

To evaluate our method of balancing modeled biomechanical
and preference outcomes, we quantified the modeled outcomes
of balanced profiles on the collected dataset of normalized
biomechanical metric and preference models. As seen in Fig. 3]
A, increasing the penalization coefficient ensured that selected
parameter values do not produce negative modeled biomechan-
ical outcomes, while increasing the number of metrics used
for penalization captured more of the important biomechanical
changes that influence preference, however increasing either
reduced the positive proportion of the resultant cost landscape.

Fig. 0] B and C show normalized modeled preference
outcomes when selecting assistance parameter values that
maximize modeled metric outcomes (M) in isolation and vice
versa (P), for the single most important metric (Fig. B), and
the 10 most important metrics (Fig. 5] C) in approximating
preference. Also shown are the metric and preference outcomes
of metric-regularized preference maximization with increas-
ing penalization, when balancing a single metric response
with preference response (Fig. [5] B), and when balancing 10
metric responses with preference response (Fig. [5] C). With
a penalization coefficient of k = 10°, balanced profiles
yielded significantly better modeled preference outcomes than
metric-optimal profiles, both for balancing one metric, where
median modeled preference outcome increased from —0.40 to
1.00 (p < 0.05, two-sample Wilcoxon signed-rank test), and
for balancing ten metrics, where median modeled preference
outcome increased from —0.12 to 0.55 (p < 0.001, two-
sample Wilcoxon signed-rank test). With the same penalization
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coefficient, balanced profiles considerably reduced negative
modeled biomechanical outcomes both when balancing one
and ten metrics, producing modeled outcomes significantly
greater than zero (p < 0.05 and p < 0.001, respectively,
one-sample Wilcoxon signed-rank test), with corresponding
lower quartile normalized modeled metric outcomes of 0.05
and —0.01, respectively. This is a considerable improvement
over preference-optimal profiles, which produced lower quartile
modeled outcomes of —0.62 and —0.43 for the one- and
ten-metric cases, respectively. Generally, maximizing modeled
biomechanical metric outcomes led to poor modeled preference
outcomes, and vice versa, corroborating results of individual
biomechanical point metrics seen in Fig. 2] B-D.

An example of an individual patient’s modeled biomechanical
metric outcomes and preference outcomes for a balance of three
biomechanical metrics with assistance preference is shown in
Fig. [f] Metric-regularized preference maximization produced
positive modeled outcomes for all three biomechanical metrics,
corresponding to theoretical 7.4%, 6.8%, and 11.4% improve-
ments relative to unassisted walking baseline values in peak
hip abduction, peak ankle plantarflexion torque, and peak knee
extension torque, respectively. This is in contrast to maximizing
modeled preference in isolation, which yielded worse modeled
outcomes of —7.5%, —4.5%, and —15.8% relative to unassisted
walking baselines for the same biomechanical metrics. A similar
effect was observed in modeled preference outcomes when
comparing our method to methods that maximize modeled
biomechanical outcomes in isolation. As seen in Fig.[6] all three
biomechanical metric-optimal profiles yielded comparatively
poorer preference outcomes than the balanced profile. The
importance of tuning is also visible in Fig. [6} where the best
and worst modeled biomechanical metric outcomes are shown

1 kK
i

p < 0.001 after Holm-Bonferroni corrections

for the same patient. The worst biomechanical metric outcomes
corresponded to relative changes from unassisted walking of
—21.2%, —12.5%, and —53.3% for peak hip abduction, peak
ankle plantarflexion, and peak knee extension, respectively.

It became more difficult to find assistance parameter values
that balanced modeled biomechanical and preference outcomes
as more biomechanical metrics were considered. Fig. [5]C shows
that reducing negative modeled metric outcomes via an in-
creased penalization coefficient can greatly reduce correspond-
ing modeled preference outcomes. For a penalization coefficient
of @ = 10%3, normalized modeled preference outcomes from
profiles that balanced ten metrics were significantly worse than
those that balanced one metric (p < 0.05, two-sample Wilcoxon
signed-rank test). Further investigation into this tradeoff revealed
that negative modeled biomechanical responses are often spe-
cific to individual patients. Supplementary Fig. S3 shows the
minimum penalization coefficient required to achieve positive
modeled biomechanical outcomes when balancing an increasing
number of metrics. The upper quartile patient (in terms of
modeled biomechanical outcomes) required less penalization to
achieve positive biomechanical outcomes and a greater number
of metrics could be balanced than the lower quartile patient.

IV. DISCUSSION

Preference-optimal assistance parameter values yielded sig-
nificantly worse modeled biomechanical outcomes compared
to metric optimal parameter values, such as for foot to
floor angle at initial contact, propulsive impulse, and stance-
swing ratio (see Fig. ), and in some cases, even produced
negative modeled biomechanical outcomes that could be
theoretically harmful to a patient’s rehabilitation. Similarly,
metric-optimal assistance profiles led to poor corresponding
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modeled preference outcomes, with median modeled patient
and clinician preference outcomes worse than the expected
outcomes of selecting assistance profiles at random. This
highlights limitations in existing methods of tuning assistive
devices that either maximize biomechanics- or preference-based
objective functions in isolation, and underscores the need for
tuning methods for gait assistive devices that consider both
biomechanical and preference outcomes together. Our findings
align with previous studies in populations without neurological
impairments that demonstrate a divergence between parameter
values optimizing biomechanical or energetic outcomes, such
as metabolic efficiency [26], [28], [29] and energy return [27],
and those preferred by users, thereby extending this principle to
post-stroke gait rehabilitation.

To examine the interplay between biomechanics and user
preference, we developed a data-driven approach of identifying
biomechanical determinants of modeled preference via an
optimally weighted combination of models of biomechanical
features extracted using MFPCA. Naturally, given a large
enough set of extracted biomechanical features (96 from 12
variables) per participant, it is expected that patient and
clinician preference models could be accurately approximated.

It is surprising, however, that preference models could be
approximated strongly (o > 0.8) with only three or four
extracted biomechanical principal component models. There
was a large amount of heterogeneity in the biomechanical
variable types needed to approximate both patient and clinician
preference responses; out of 12 variable types, no single variable
consistently appeared in the top three variables used in patient
or clinician approximations (see Supplementary Table S4).

To our knowledge, this study is the first to investigate
the biomechanical determinants of preference in individuals
with neurological gait impairments. It is known that these
determinants are largely personal; prior works in populations
without neurological impairments have been unable to resolve
population-level determinants [29]. Combined with the inher-
ently large heterogeneity in neurological impairments, it is
unsurprising that there is large variability in determinants and
low within-group preference correlations. Moreover, our cohort
comprised of participants in the chronic phase of stroke recovery,
and individuals across the recovery spectrum are likely to be
even more heterogeneous.

More biomechanical feature models were needed to approx-
imate modeled clinician safety preference than patient safety
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Fig. 6: Modeled outcomes of balanced tuning for an example
patient. (A) The top three biomechanical point metrics important
in approximating an individual patient’s (P3) preference of assis-
tance. (B-D) Modeled biomechanical point metric outcomes for
peak hip abduction (B), peak ankle torque (C), and peak knee
extension torque (D), and corresponding modeled preference
outcomes when selecting assistance parameter values that max-
imize either modeled metric (M ) or preference (f’) outcomes
in isolation, and metric-regularized preference (Py|ps). Dashed
lines indicate best and worst modeled biomechanical metric
and preference outcomes. Percentages above and below metric
outcomes indicate % change from unassisted walking.

preference. This is expected, in part because the clinicians were
not present during the patient walking trials, so preference may
have been more complex to form based on video alone, but
it also may also suggest that clinicians were considering a
greater number of biomechanical features than patients were
when forming their perception of safety. We further investigated
groups of biomechanical variables that were important for
approximating modeled preference, and found that anatomical
location was a key factor. For clinicians, the pelvis was
significantly important, potentially indicating that clinicians
prioritized proximal kinematic changes occurring from the distal
biomechanical changes propagating up the kinematic chain.
For patients, the ankle appeared to be relatively important
in approximating assistance preference, but less important
in approximating safety preference; while the opposite was
true for the knee (see Fig. ] C). Knowing that a range of
anatomical locations are important in approximating preference
highlights the need for biomechanical monitoring across the
body. We also found differences in kinematic versus kinetic
variable approximation importance. Kinematic variables were
significantly important in approximating clinician preference;
this is expected, as visual information does not convey kinetic

data. Surprisingly, kinetic variables were also not significantly
important for patient preference, despite potential presumptions
that these variables would be more prominently felt by a patient.
Finally, while we found no relationship between whether a
clinician had experience with FES and their preference response
(see Supplementary Results S2. B.), further investigation is
warranted to understand how a clinician’s preference can be
shaped by experience with gait-assistive devices.

Our method of metric-regularized preference maximization
demonstrated the feasibility and benefits of balancing the
multiple modeled biomechanical metric and user preference
outcomes when tuning assistance parameter values. We used
our method of approximating preference to obtain personalized
sets of biomechanical metrics that are important in a patient’s
preference, and their relative weighting. Penalizing negative
modeled biomechanical outcomes allowed us to regularize the
preference response landscape used in assistance parameter
tuning such that positive modeled outcomes were achieved
in both domains. We found that balanced assistance profiles
corresponded to significant improvements in modeled patient
preference compared to metric-optimal profiles, and signifi-
cantly positive modeled metric outcomes; something that was
not the case for preference-optimal profiles. This confirms
that our method was able to achieve its goal of maximizing
modeled preference while ensuring lower bounds on modeled
biomechanical outcomes were met.

While it was possible to balance multiple biomechanical met-
rics simultaneously, it became increasingly difficult to achieve
for all patients with increasing numbers of biomechanical
metrics, as stronger penalization was required to ensure that
all modeled metric responses were positive (see Supplementary
Fig. S3), which reduced the areas of the resultant response land-
scapes that produced favorable modeled preference outcomes
(Fig. [5). The challenge in balancing multiple metrics at once
lies in negative correlations between different biomechanical
metrics, so improvements in certain metrics will result in
reductions in others (see Supplementary Fig. S2). Maximizing
modeled preference while using modeled biomechanical metric
outcomes for regularization was favored, because biomechanical
metric outcomes have a lower bound, so harmful outcomes could
be penalized, while preference data has only directionality (due
to its point-wise comparison format).

The benefits of balanced profiles that maximize preference
while satisfying lower bounds on biomechanical metric out-
comes are two-fold: first, from a behavioral perspective, max-
imizing patient and clinician preference reduces the likelihood
of abandonment of the device. Second, from a biomechanical
standpoint, satisfying lower bounds on biomechanical outcomes
mitigates the risk harming a patient’s gait, which can be
damaging to their rehabilitation. An example of balancing three
modeled biomechanical point metric outcomes with modeled
patient assistance preference outcomes is shown for an example
patient in Fig.[] The balanced profile yielded positive modeled
outcomes for both the three metrics (hip abduction angle, peak
plantarflexion torque, knee extension torque) and normalized
preference, compared to the preference-optimal (perceived as-
sistance) profile, which resulted in negative modeled outcomes
for all three metrics, and compared to the optimal profile for each
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biomechanical metric, which resulted in comparatively reduced
modeled preference outcomes. When considering the extremes
of possible biomechanical metric outcomes, it is clear that poor
tuning can lead to large negative consequences (see Fig. [6),
corroborating our prior work [6] which showed that poor tuning
could have a significant detrimental effect on biomechanical
metric outcomes such as propulsion symmetry. Our approach
of biomechanical metric-regularized preference maximization
minimizes the risk of producing these negative outcomes, while
increasing the likelihood of continued use.

Although this work provides a multi-perspective exploration
of the relationship between biomechanics and preference, there
are some limitations that should be considered for future
research. As previously noted, the 2IFC and 2AFC paradigm
for polling preference precludes the ability to compute a
baseline for preference measures relative to a patient’s or
clinician’s preference during unassisted walking. Clinician
preference was collected from their assessment of patients’
gait through recorded videos, rather than direct observation,
and in isolation from patient preference responses. While this
was intentional, to avoid confounding patient and clinician
preference, this is not reflective of a typical tuning session
for assistive devices, where patient-clinician discourse would
enable a collaborative approach to tuning assistance. In terms
of exposure, participants only compared each pair of assistance
profiles once for a relatively short duration, and a follow up study
was not conducted to verify the effects of balanced assistance.
Further research will be needed to understand the longitudinal
evolution of preference- and biomechanics-optimal assistance,
as well as to quantify the outcomes of balanced assistance.
Finally, our patient population of nine individuals post-stroke
and single assistive device limit how well our findings can
generalize to other populations and devices. Other neurological
gait impairments, such as spinal cord injury, may lead to greater
levels of impairment to perception, and other devices, such
as exoskeletons, may be perceived differently than electrical
stimulation. However, the work in this study can be used as
a framework for understanding the impact of preference on
biomechanics for other devices and populations.

We anticipate that our approach can be integrated into clini-
cal practice and support personalized rehabilitation, however,
we used specialized equipment such as motion capture and
force plates to measure biomechanical outcomes. Advances in
estimation methods that utilize wearable technology and non-
specialized equipment, such as smartphones, could support
the feasibility of implementing quantitative, individualized
tuning strategies outside laboratory settings. Furthermore, we
performed a grid search across assistance profiles to obtain
complete biomechanics and preference datasets, but sample
efficient human in the loop optimization techniques could be
used to reduce computational complexity and tuning time when
integrated into clinical practice.

V. CONCLUSION

In this work, we aim to address the disconnect between biome-
chanics and user preference in assistive device tuning, which
can undermine both the effectiveness of assistance and long-
term adherence. We show that selecting assistance parameter

values to optimize either biomechanical or preference outcomes
in isolation leads to poor outcomes in the other domain. We
further demonstrate that complex preference outcomes can be
reliably approximated using a small subset of biomechanical
variables, offering insight into how an individual’s biomechan-
ics shape preference and highlighting the potential for preference
estimation. Building on these findings, we proposed a framework
that simultaneously combines biomechanical and preference
outcomes to select a balanced assistance profile that results in
positive preference and biomechanical outcomes.

The implications of this work extend beyond our current fo-
cus, with potential applications in rehabilitation contexts where
biomechanical performance is prioritized while maintaining
baseline levels of user satisfaction. We believe that integrating
biomechanics and user preference will be crucial for wearable
assistive technologies to achieve widespread clinical adoption
and meaningfully improve rehabilitation outcomes.
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