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Abstract

Gait biomechanics specific to particular subjects have utility for rehabilitation
and assistive-device control applications, but per-subject measurement is dif-
ficult. In this study, the potential for predicting joint-moment waveforms of
lower-limb joints from limited data and the source of the advantage of subject-
specific calibration, namely waveform shape or amplitude, were assessed. Gait
data for 42 participants in 328 trials were analyzed for six lower-limb joints.
Joint-moment waveforms were represented using a five-harmonic Fourier basis
over normalized gait phase and predicted via Ridge regression employing gait
speed as the population-wide predictor and validating using 42-subject leave-one-
subject-out (LOSO) cross-validation. Subject-specific calibration was performed
based on three trials (T01-T03); three independent trials (T04-T06) were held
back for evaluation. The calibration correction was decomposed into a normalized
waveform shape and a scalar amplitude, allowing ablations of shape, amplitude,
and both, employing nested LOSO without test-subject leakage. For indepen-
dent T04-T06 testing of calibration, full calibration resulted in 11.3-34.1% pooled
RMSE reduction compared with population predictions with speed only. Shape-
only calibration resulted in 14.0-25.2% RMSE reduction, whereas amplitude-only



calibration yielded only 0.5-1.9% RMSE reduction. After Holm correction, shape-
only calibration yielded significant improvement over the population model for
all six joints; full calibration was significant only at the hips compared with
shape-only calibration. The personalization benefit was driven primarily by the
temporal shape of the residual correction rather than its amplitude.

Keywords: gait analysis, joint moment prediction, subject-specific calibration,
functional data, leave-one-subject-out cross-validation

Nomenclature

Symbol Definition

y(b) Joint-moment waveform at normalized gait phase ¢
) Normalized gait-cycle phase, 0 < ¢ <1

K Number of Fourier harmonics (K = 5)

ag Fourier-series constant coefficient

ag, by, Cosine and sine Fourier coefficients for harmonic &
B; 11-element Fourier-coefficient vector for trial 4

B Matrix of Fourier-coefficient targets

X Standardized predictor matrix

W Ridge-regression coefficient matrix

e Ridge regularization parameter (o = 1)

Tsjc Residual waveform for subject s, joint j, trial ¢
Cs,j Subject-specific three-trial calibration correction
Ag‘fjl-l Magnitude of the full subject-specific correction
Ss,j Normalized subject-specific correction shape
Ajemmen - Common residual amplitude from nested-LOSO training subjects
Azlfbj Subject-specific projected amplitude

S?OE) Population residual correction shape

s Subject index

7 Joint index

c Calibration-trial index

e Evaluation-trial index

1 Introduction

Instrumented gait analysis is still considered the gold standard in moment estima-
tion of lower limb joints; however, its laboratory conditions do not allow the use of
this technique in clinical screening and control of assistive devices. Machine learning
methods that are applied to laboratory or wearable sensors data attempt to eliminate
the need for full instrumenting, including the creation of open-access databases with



combined data from wearable sensors and kinetics as a reference [1, 2] and simulation-
based personalization of sensors [3]. An alternative strategy is to develop a population
model of joint moment waveforms from covariates present at the point of deploy-
ment — typically gait speed — and, when some information about the subject can be
acquired, to personalize this prediction with respect to the individual. Previous work
has shown advantages of such personalization to both the specific individual and par-
ticular condition in the context of powered lower limb prosthetics and exoskeletons
[4-6].

Speed is a well-known variable influencing gait kinematics and kinetics, with
changes in speed being associated with corresponding changes in the joint moments
of the lower extremity [7—9]. What needs further research is which particular element
of a later individual correction is responsible for its effectiveness: the unique pattern
of deviation from the group trajectory (shape) or the total value of that deviation
(amplitude). If amplitude is the dominant contributor, a single scalar per individual
could suffice for calibration; however, if shape is the dominant contributor, calibration
must capture the phase-resolved temporal pattern of the individual’s residual.

This question is conceptually related to the amplitude-phase separation problem
in functional data analysis, where curves are decomposed into timing (phase) and
magnitude (amplitude) variation[10-13]. Our decomposition is different in one key
aspect: We decouple the fixed-phase residual form of the subject from the amplitude,
without any model for temporal warping, something that we discuss again in Section 3.
Nevertheless, current research on personalization tends to test if personal adaptation
to the subject results in better predictions or controllers, without specifying what
exactly contributes to the gain.

The purpose of this study was to: (i) develop a speed-dependent population model
for six lower limb joint moments using 42-subject LOSO validation; (ii) test the
hypothesis that a small number of subject-specific calibration trials will enhance the
ability to predict unseen trials; and (iii) test the hypothesis that this enhancement
results primarily from shape, not amplitude.

2 Results

2.1 Population-level prediction from gait speed

The speed-only model achieved substantial accuracy under 42-subject LOSO evalua-
tion across all trials (Table 1; Fig. 1).

The calibration experiments (§2.3) instead require a population baseline restricted
to the T04-T06 evaluation subset for direct comparability with the calibrated con-
ditions; this subset-restricted baseline (Table 4, “Population” column) is numerically
different from Table 1 because it is computed on a different trial subset, not because
of a model change.

2.2 Contribution of anthropometric covariates

Adding anthropometric covariates to gait speed reduced pooled RMSE for five of the
six joints, with the largest relative reduction at the left hip (LHip: 0.1317 to 0.1222, a
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Fig. 1 Population-level joint-moment prediction from gait speed.
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Table 1 LOSO performance of the speed-only
population model, evaluated across all 328 trials.

Joint r R? RMSE MAE
RHip 0.9406 0.8847 0.1316  0.0894
LHip 0.9362 0.8765 0.1317  0.0903
RKnee 0.8376 0.7016  0.1344  0.0856
LKnee 0.8397  0.7050  0.1370  0.0859
RAnkle 0.9607 0.9229 0.1447 0.0854
LAnkle 0.9587 0.9191 0.1144 0.0680

Gait cycle (%)

7.2% reduction) and comparable reductions at the left knee (0.1370 to 0.1308, 4.5%)
and left ankle (0.1144 to 0.1094, 4.4%); smaller reductions were observed at the right
hip (RHip: 0.1316 to 0.1282, 2.6%) and right ankle (0.1447 to 0.1418, 2.0%). The
exception to this was the right knee, where inclusion of anthropometric covariates
increased RMSE from 0.1344 to 0.1348. Thus, gait speed was the strongest single
predictor configuration, while adding anthropometric covariates provided additional
joint-specific information for five of the six joints, most notably at the left hip.

The speed-only values in Table 2 reproduce the corresponding baseline values in
Table 1, because both use the same K = 5 gait-speed-only LOSO model evaluated

across all 328 trials.



Table 2 Pooled RMSE for the anthropometry-only, speed-only, and
speed-plus-anthropometry population models under 42-subject LOSO
evaluation (K = 5).

Joint Anthropometry only  Speed only  Speed + anthropometry
RHip 0.2015 0.1316 0.1282
LHip 0.1845 0.1317 0.1222
RKnee 0.1658 0.1344 0.1348
LKnee 0.1690 0.1370 0.1308
RAnkle 0.1565 0.1447 0.1418
LAnkle 0.1203 0.1144 0.1094

2.3 Residual structure and calibration benefit

Phase-resolved residual-anthropometry associations were strongest at the ankles (LAn-
kle vs. height: Spearman p &~ 0.77; vs. leg length: p ~ 0.81). Three-trial calibration
reduced pooled RMSE for all six joints (Table 3; Fig. 2), by 11.3-34.1%.
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Fig. 2 Residual structure and subject-specific calibration.



Table 3 Pooled RMSE before/after three-trial calibration
(T01-T03), evaluated on T04-T06.

Joint Population  Full calibration = Improvement (%)
RHip 0.1455 0.0972 33.17
LHip 0.1435 0.0946 34.08
RKnee 0.1295 0.1050 18.93
LKnee 0.1327 0.1010 23.90
RAnkle 0.1461 0.1271 12.98
LAnkle 0.1185 0.1052 11.28

2.4 Shape versus amplitude

Shape-only calibration produced substantial RMSE reductions across all six joints
(14.0-25.2%), comparable to or exceeding the full-calibration reduction at the ankles,
whereas amplitude-only calibration produced only 0.5-1.9% reductions (Table 4; Fig. 3-
4).

Shape-amplitude decomposition of subject-specific gait calibration
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Fig. 3 Shape-amplitude decomposition of subject-specific correction.

Table 4 Pooled RMSE, population and calibration conditions,

T04-T06.
Joint Population Full Shape-only  Amplitude-only
RHip 0.1455 0.0972 0.1102 0.1441
LHip 0.1435 0.0946 0.1073 0.1411
RKnee 0.1295 0.1050 0.1079 0.1288
LKnee 0.1327 0.1010 0.1133 0.1302
RAnkle 0.1461 0.1271 0.1256 0.1441
LAnkle 0.1185 0.1052 0.1018 0.1169

Amplitude of correction exhibited considerable inter-subject variability (coeffi-
cient of variation 37-59%; full details in Supplementary Table S1), making insufficient



Subject-specific calibration: shape versus amplitude
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Fig. 4 Joint-specific calibration benefit from correction shape and amplitude.

between-subject amplitude variability an unlikely explanation for the limited predic-
tive benefit of amplitude-only calibration.

2.5 Subject-level statistical comparisons

Participant-level RMSE/MAE (mean of the three T04-T06 trials) were compared via
paired Wilcoxon signed-rank tests across four contrasts: full vs. population, shape-
only vs. population, amplitude-only vs. population, and full vs. shape-only. Multiple
comparisons were corrected within each six-joint family using the Holm step-down
procedure (o = 0.05).

The Holm-corrected significance results for the four paired comparisons across the
six joints are summarized in Table 5.

Table 5 Holm-corrected significance (p < 0.05) of paired participant-level RMSE

comparisons.
Comparison RHip LHip RKnee LKnee RAnkle LAnkle
Full vs. population Yes Yes Yes Yes Yes Yes
Shape-only vs. population Yes Yes Yes Yes Yes Yes
Amplitude-only vs. pop. Yes Yes No No Yes Yes
Full vs. shape-only Yes Yes No No No No




Full calibration and shape-only calibration both significantly outperformed the
population model at all six joints; amplitude-only calibration was significant every-
where except the knees; full calibration exceeded shape-only significantly only at the
hips. Exact per-joint p-values are reported in Supplementary Table S2.

3 Discussion

3.1 Principal findings and information hierarchy

Three findings emerged. First, gait speed alone gave strong population-level prediction
of all six joint moments under subject-independent evaluation (Table 1). Second, three
subject-specific calibration trials substantially reduced prediction error on independent
trials without retraining the population model. Third, most of the gain was maintained
when the subject-specific normalized residual shape was retained and its amplitude
was replaced by the common training-population amplitude, whereas amplitude-only
correction yielded only marginal improvements. The resulting information hierarchy
is:

gait speed — population waveform — subject-specific residual shape —
subject-specific amplitude.

This hierarchy describes the relative information content under this framework and
dataset rather than a universal ranking.

3.2 Mechanistic interpretation: shape, amplitude, and
joint-dependence

The shape-only condition retained each individual’s temporal correction pattern while
replacing its magnitude with the common population amplitude, and this proved
effective across all six joints. In contrast, the amplitude-only condition retained each
individual’s projected correction amplitude while replacing its temporal pattern with
the population shape, and provided little improvement, with performance varying by
joint. Since correction amplitudes varied substantially between individuals (CV 37-
59%), the limited performance of amplitude-only calibration cannot be explained by
insufficient amplitude variability.

This decomposition is a fixed-phase shape/amplitude split, not a formal amplitude-
phase separation in the sense developed for functional data[l0, 12], where phase
captures timing misalignment of curve features and amplitude captures their mag-
nitude after alignment. Elastic registration approaches based on the square-root
velocity function explicitly estimate warping functions to separate these two sources
of variation[11, 13]. Since our shape component analysis is done on a fixed normalized
gait-cycle axis without considering timing warps, part of what we call “shape” could
actually be subject-specific timing of certain events, which from a formal registra-
tion approach standpoint would actually be classified as phase rather than amplitude.
However, this does not make the practical observation any less valid, which is that
the temporal-pattern component of the correction accounts for most of the calibration



gain, regardless of its decomposition; it does reduce the strength of our claim that
gait “shape” is intrinsically more biomechanically significant than “amplitude,” in a
formal, dimensionally consistent sense, because the shape component has much more
freedom than the one-dimensional amplitude variable.

3.3 Limitations

The dataset comprises healthy participants only; generalization to pathological or
amputee gait is untested. This limitation is particularly relevant to assistive-device
applications, where adaptive prosthetic control must ultimately be validated under
real-world conditions [14]. Calibration and evaluation trials were partitioned within
the same session, not across independent sessions. The Fourier order (K = 5) and
Ridge penalty (« = 1) were fixed rather than tuned, and sensitivity to alternative
hyperparameter settings was not evaluated. The Holm correction was applied to com-
parisons within families, not across families. The OpenSim stage is a computational
verification pipeline rather than an ideal or fully validated reference; systematic hip
bias and a right-knee amplitude mismatch were observed. These discrepancies are con-
sistent with known differences between generically scaled and fully subject-specific
musculoskeletal models[15].

4 Conclusion

A speed-based Fourier-Ridge model provided accurate population-level prediction of
six lower-limb joint moments, while three-trial subject-specific calibration substan-
tially improved prediction of unseen trials. Decomposition of the calibration correction
showed that its temporal shape accounted for most of the personalization bene-
fit, whereas amplitude provided additional predictive benefit primarily at the hip
joints. These findings support shape-focused, data-efficient calibration as a candidate
foundation for personalized rehabilitation and assistive-device applications, pending
validation in clinical populations and downstream control settings.

5 Methods

5.1 Study overview

The analysis proceeded in four stages: (1) biomechanical preprocessing and verifica-
tion using the Fukuchi dataset[16] and an OpenSim[17] musculoskeletal model; (2) a
population-based Fourier-Ridge prediction model based on walking speed; (3) calibra-
tion of subjects using three trials (T01-T03), tested on three trials (T04-T06); and
(4) separation of the calibration correction into waveform shape and amplitude. The
overall study workflow is summarized in Fig. 5.

5.2 Dataset

The Fukuchi Walking Biomechanics Dataset[16] comprises 42 healthy participants and
328 walking trials, with synchronized motion-capture (150 Hz) and ground-reaction-
force (300 Hz) data. Trials T01-T03 were used for subject-specific calibration; T04-T06



Fukuchi gait dataset
42 participants « 328 walking trials

¥

OpenSim biomechanical verification
IK inverse dynamics reference comparison

¥

Population model
Gait speed Fourier—Ridge joint-moment waveform

¥

Subject-specific calibration
T01-TO3 estimate individual correction

¥

[ Residual correction
P

)

Measured population prediction

Shape—-amplitude decomposition
Correction shape + amplitude

¥

Ablation evaluation
Full » shape-only « amplitude-only

¥

Independent evaluation
T04-T06

Fig. 5 Study workflow.

were reserved for independent evaluation. Six sagittal-plane joint moments were con-
sidered: RHip, LHip, RKnee, LKnee, RAnkle, LAnkle, each represented over 101
normalized gait-cycle points. Joint moments were expressed as body-mass-normalized
moments (Nm/kg). Gait speed was the principal population predictor, while body
mass, height, leg length, and age were considered as additional predictors (§5.5). The
waveforms of the joint moments from each trial and joint were plotted against the
standardized gait cycle phase scale, such that the trial waveforms could be directly
compared or modelled using the identical 101 phase points. The calibration and
evaluation sets remained strictly separate: T01-T03 were used only to estimate the
subject-specific correction, whereas T04-T06 were reserved exclusively for independent
evaluation.

5.3 OpenSim biomechanical verification

The Rajagopal full-body musculoskeletal model[18], implemented in OpenSim[17], was
scaled to a representative participant (subject 25, mass 67.5 kg) using pelvis, bilateral
shank, and bilateral foot measurements. The IK calculation was done for the entire 30 s
trial. The ground reaction forces were low-pass filtered at 10 Hz and applied as external
loads, followed by inverse-dynamics (ID) analysis. The mean and maximum marker
RMS errors were 4.84 mm and 10.24 mm, respectively, while the mean maximum

10
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Fig. 6 OpenSim biomechanical verification.

marker error was 8.62 mm. These values were within accepted ranges for OpenSim IK
solutions[19]. Comparison of the pipeline with the Fukuchi reference kinetics showed
close agreement at the left ankle and left knee, a similar waveform shape but amplitude
mismatch at the right knee, an underestimation of magnitude at the right ankle, and a
systematic hip bias. The pipeline was kept frozen without correction and served solely
as a biomechanical verification stage (Fig. 6).

Representative OpenSim processing views for subject 25 are shown in Fig. 7,

illustrating the participant-specific model scaling, inverse-kinematics processing, and
subsequent inverse-dynamics analysis.

11



Fig. 7 Representative OpenSim processing for the representative participant (subject 25). (a)
Participant-specific scaling of the Rajagopal full-body musculoskeletal model. (b) Inverse-kinematics
processing using the experimental marker trajectory. (c) Inverse- dynamics processing following appli-
cation of the external ground-reaction loads.

5.4 Population model: Fourier-Ridge regression

Each waveform y(¢) over normalized gait phase ¢ € [0, 1] was represented using a K-
harmonic Fourier basis, following the basis-function representation of functional data
[13]. Fourier representations have also been used to compactly describe cyclic human
movement waveforms [20].

=

y(P) = ap + Z [ax cos(2mke) + by sin(2mko)] , K =35, (1)
k=1

giving an 11-coeflicient vector B, per trial. Gait speed predicted 3; via Ridge regression
[21],

L(W)=|B-XW|i +a|W[E — a=1, (2)
with predictor standardization fit on training subjects only, under 42-subject LOSO
cross-validation, which estimates generalization to unseen subjects and reduces
subject-dependent evaluation bias [22]. The process for each trial and joint involved
reducing the 101-point waveform to its 11 Fourier coefficients, which served as the
multivariate regression target. The resulting regression therefore involves mapping the
input predictors to this vector of Fourier coefficients. For each joint, the regression
target was thus an 11-dimensional Fourier-coefficient vector, with one vector of coef-
ficients for each trial. The predicted coefficients were then substituted into Eq. 1 to
reconstruct the complete 101-point waveform. All joints were analyzed using the same

12



five harmonic basis and Ridge penalty, to ensure that any differences in prediction per-
formance were due to the choice of predictors or calibration approach, not increased
model complexity.

For every LOSO fold, all of the trials belonging to one subject were left out as
the test set, while the trials belonging to all other subjects were used as the training
set. The process of predictor standardization and model training was done based on
training subjects, and the trained model was applied to the left out subject. The
process was done until every one of 42 subjects had been left out once.

5.5 Covariate comparison

The comparison was done for three predictor combinations using the same leave-one-
subject-out scheme with 42 subjects: anthropometric measurements alone, gait speed
alone, and gait speed along with anthropometric measurements. The joint moment
waveforms were expressed as five-harmonic Fourier basis vectors (K = 5) in all three
cases, and Ridge regression with & = 1 was used to predict the coefficients. The
predictor normalization was performed based on the training subjects in each leave-
one-subject-out fold. Performance was evaluated in terms of waveform RMSE.

5.6 Phase-resolved residual-anthropometry analysis

To explore phase-resolved associations of population model residuals with anthro-
pometric measures, mean waveforms of residual data were first calculated for each
individual at each of the 101 normalized gait cycle phases. Pearson and Spearman
correlations of residuals for each individual with each anthropometric measure were
subsequently calculated at each phase separately.

5.7 Residual analysis and calibration

The residual rs j . = ¥s,j,c — ¥s,j,c Was computed for each calibration trial c € {1,2,3};
the three-trial correction was

3
Cs,j = % er,j,m yg?]l,e = ys,j,e + Cs,j, ee {4a 57 6} (3)
c=1

Thus, the calibration correction was estimated entirely from trials T01-T03 and then
incorporated without modification into the population prediction for the independent
evaluation trials T04-T06. No measurement from T04-T06 was used to estimate the
correction.

5.8 Shape-amplitude decomposition and nested-LOSO ablation

Functional data analysis commonly distinguishes variation in the magnitude and
temporal behavior of curves [10, 11, 13]. Our decomposition is not a conventional
amplitude-phase registration model; rather, because all gait waveforms were already
expressed on a common normalized gait-phase grid, we separated the fixed-phase

13



subject-specific residual correction into its Euclidean magnitude and normalized
temporal form. The full subject-specific correction was therefore defined as

Ce 5
Coj = AVses AV =leailla, se,= T?ﬂ_p (4)
S$,7

where s, ; is the normalized subject-specific correction shape.

For the shape-amplitude ablation, four conditions were compared: population (no
correction), full correction (cs ;), shape-only correction (Agommonss,j), and amplitude-
only correction (Aztljbjs?(’p).

The common amplitude was calculated as the median value of the
amplitude values extracted from the nested-LOSO training subjects. The popula-
tion shape S?OP was derived from the average of the normalized correction shapes
of the nested-LOSO training subjects followed by normalization of the waveform.
For the amplitude-only condition, the subject-specific amplitude was estimated as
the least-squares projection coefficient of each calibration residual onto the popula-
tion shape [13]. This projection provides the scalar amplitude that minimizes the
squared Fuclidean distance between the residual waveform and a scalar multiple of
the population shape. The three projection coefficients were then averaged:

Acommon
J

3 T pop
Asubj o 1 S,j’csj 5
5,7 g Z (SPOP)TSPOP . ( )

c=1 J J

Therefore, only shape calibration retains the subject-specific temporal pattern
but substitutes its magnitude by the training population’s amplitude. In con-
trast, amplitude-only calibration retains the subject-specific projected magnitude but
replaces the temporal pattern by the population shape. All population parameters
were calculated within the outer training set via nested LOSO, in which the outer held-
out subject is not used for calculating population-shape and population-amplitude
estimates. No T04-T06 reference data were used for fitting and ablation construction.

5.9 Performance metrics

Prediction error was calculated in terms of root mean square error (RMSE) and mean
absolute error (MAE) between predicted and reference waveforms. The waveform data
from all trials in the defined evaluation set were combined to calculate these measures.
Pearson correlation coefficient (r) and coefficient of determination (R?) were also
provided for the population level evaluation.

5.10 Statistical analysis

Participant-level RMSE, calculated as the mean of the three T04-T06 trial-level
RMSEs, was used as the primary inferential metric and compared via paired Wilcoxon
signed-rank tests [23] across four contrasts: full vs. population, shape-only vs. popula-
tion, amplitude-only vs. population, and full vs. shape-only. MAE was also computed
as a secondary error metric. Multiple comparisons were corrected within each six-joint
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comparison family using the Holm step-down procedure[24] (o = 0.05). Partici-
pant level aggregation was employed to ensure that multiple trials conducted by the
same participant were not considered independent trials. The paired design compares
calibration conditions within the same participants.

Supplementary information. Supplementary Tables S1 and S2 provide additional
correction-amplitude statistics and exact per-joint statistical test results, respectively.
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