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 A B S T R A C T

Machine-learning representations of gait waveforms are increasingly used in movement analysis, but their 
added value over conventional biomechanical descriptors remains uncertain, particularly in pediatric cohorts. 
We evaluated whether implicit neural representations (INRs) provide useful encodings of pediatric gait 
waveforms for reconstruction and developmental modeling. The full cohort comprised 78 healthy children 
and adolescents, of whom 73 had waveform files conforming to the predefined data structure required for 
the repeated cross-validation analyses. Selected waveforms were modeled using several INR architectures, 
and reconstruction quality was assessed using 𝑅2, RMSE, and MAE. For the INR feature-ablation analyses, 
one architecture was assigned to each waveform class based exclusively on reconstruction performance, 
independently of the age targets. Side-specific, bilateral-asymmetry, signal-specific, and descriptor-family 
feature sets were evaluated using ten repeats of five-fold cross-validation. A separate matched benchmark in 
the same 73 participants compared compact Fourier-MLP-derived features with conventional biomechanical 
descriptors and a fold-wise raw-waveform PCA baseline. In the INR ablation analyses, combining side-
specific and bilateral-asymmetry features achieved 𝑅2 = 0.700 ± 0.017 for chronological-age regression, and 
Energy/AUC descriptors were the strongest individual feature family (𝑅2 = 0.696 ± 0.031). For exploratory 
three-class age-group classification (4–7, 8–12, and 13–18 years), the combined INR representation reached 
a balanced accuracy of 0.749 ± 0.034. In the matched representation benchmark, configurations containing 
conventional biomechanical descriptors performed best. The biomechanics-only baseline achieved regression 
𝑅2 = 0.837± 0.070 and balanced accuracy = 0.798± 0.109, whereas biomechanics+PCA achieved the highest 
mean regression performance (𝑅2 = 0.842±0.066); this difference was not statistically significant. Adding INR-
derived features did not improve regression performance and significantly reduced the evaluated classification 
metrics. INRs should therefore be considered complementary continuous waveform representations rather than 
replacements for established biomechanical descriptors.
1. Introduction

The quantitative analysis of human movement has traditionally 
relied on discrete spatiotemporal parameters and handcrafted biome-
chanical descriptors derived from kinematic and kinetic signals [1,2]. 
In gait analysis, measures such as joint-angle extrema, temporal events, 
and phase-specific summaries have been widely used to character-
ize developmental changes and identify pathological patterns [3–6]. 
Although these approaches are clinically interpretable and well es-
tablished, they often require extensive preprocessing, including time 
normalization and cycle alignment, and may not fully capture the 
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continuous structure of biomechanical waveforms [7,8]. These limi-
tations have motivated the use of functional representations of gait 
data, including functional data analysis and principal component ap-
proaches [9,10]. Beyond gait analysis, PCA-based dimensionality re-
duction has also been used in other biosignal domains, including mul-
tivariate electroencephalographic analysis, to integrate correlated neu-
rophysiological measures into compact composite representations [11]. 
The limitations of isolated scalar descriptors are particularly relevant 
in pediatric gait analysis, where developmental changes may be dis-
tributed across the entire waveform rather than localized to individual 
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parameters. Advances in motion-capture technology, including both 
marker-based and markerless systems, have further expanded the range 
of measurable gait signals and their clinical applicability [12].

Recent advances in machine learning have introduced implicit neu-
ral representations (INRs) as a framework for modeling continuous 
structured signals. Instead of representing data solely as discrete sam-
ples, INRs learn continuous coordinate-to-signal mappings, enabling 
representations that support interpolation and differentiation within a 
unified model [13–15]. INR-based methods have shown strong perfor-
mance in domains such as neural rendering, 3D scene reconstruction, 
and continuous shape modeling [16–19]. INR-based approaches have 
also been investigated for structured human-body modeling and medi-
cal image reconstruction [20,21]. More broadly, they belong to a family 
of continuous modeling approaches that also includes neural ordinary 
differential equations and neural controlled differential equations [22,
23].

Despite these advances, the application of continuous representation 
learning to biomechanical waveform analysis remains limited, and 
its added value over conventional biomechanical descriptors has not 
been systematically evaluated. Existing machine-learning approaches to 
gait analysis predominantly rely on handcrafted features or discretized 
waveform inputs [2,24,25]. Although effective for classification and 
regression, such approaches may not fully exploit the inherently con-
tinuous structure of gait trajectories. Recent studies have begun to 
compare learned latent representations with classical functional ap-
proaches, highlighting both overlaps and differences in the information 
captured by these representations [26]. Alternative latent-space sum-
maries, task-supervised latent embeddings, and shared cross-subject 
INR embeddings were not optimized in the present benchmark; there-
fore, the reported results should be interpreted as an evaluation of 
predefined, interpretable INR-derived summaries rather than as an 
exhaustive assessment of all possible INR feature spaces.

A central challenge in adopting expressive neural representations 
such as INRs is determining whether learned features capture bio-
logically meaningful information rather than merely achieving high 
reconstruction fidelity. High-capacity models can fit complex data dis-
tributions without necessarily learning interpretable or generalizable 
structure [27]. In gait analysis, this raises an important question: 
can implicit continuous representations of biomechanical waveforms 
encode developmentally relevant information that is useful for down-
stream modeling? Although continuous modeling frameworks have 
shown promise in other domains, their utility for capturing age-related 
variability in human movement remains unclear [6,28].

The present study addresses this gap by evaluating whether INR-
derived representations provide biomechanically meaningful and pre-
dictively useful encodings beyond established biomechanical descrip-
tors. Specifically, we benchmark INR-based models with respect to 
waveform reconstruction fidelity, chronological-age regression, and 
exploratory age-group classification. By comparing INR-derived and 
conventional handcrafted representations across multiple downstream 
tasks, we aim to distinguish representation fidelity from downstream 
developmental utility, which remains a critical consideration in applied 
gait analysis.

The novelty of this study therefore lies not in the proposal of a 
new INR architecture, but in a controlled biomechanical benchmark 
that distinguishes waveform reconstruction fidelity, variance preserva-
tion, and downstream developmental utility while directly comparing 
INR-derived features with conventional descriptors and a fold-wise 
raw-waveform PCA baseline.

2. Methods

2.1. Participants

The dataset comprised gait records from 78 healthy pediatric and 
adolescent participants (36 females and 42 males), aged 4–18 years 
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(mean ± SD: 10.8 ± 3.9 years). Mean body height and mass were 
143.2 ± 21.6 cm and 39.5 ± 15.8 kg, respectively. For descriptive 
purposes, participants were grouped into four age categories: 4–6 years 
(𝑛 = 16), 7–9 years (𝑛 = 21), 10–12 years (𝑛 = 21), and 13–18 
years (𝑛 = 20). These four age categories were used only to de-
scribe the age distribution of the full recruited cohort and were not 
used as outcome classes in the downstream classification analyses. All 
participants walked independently without assistive devices and were 
screened to confirm the absence of musculoskeletal, neurological, or 
orthopedic conditions affecting gait. Exclusion criteria included recent 
injuries, neurological disorders, and lower-limb structural abnormali-
ties. Anthropometric variables were recorded for each participant. Each 
participant completed eight walking trials at a self-selected comfort-
able speed. Trials were visually inspected and automatically screened 
for signal quality; trials affected by marker loss, force-plate target-
ing errors, or inconsistent gait patterns were excluded. Representative 
waveforms were obtained by averaging all valid trials. Left- and right-
limb waveforms were analyzed separately. A further five participants 
were excluded from the repeated cross-validation analyses because 
their waveform files did not conform to the predefined data structure 
required by the analytical pipeline. The resulting complete-case ana-
lytical cohort comprised 73 participants. All repeated cross-validation 
analyses reported below were conducted in this cohort. Ethical ap-
proval was granted by the Glenrose Rehabilitation Hospital Health 
Research Ethics Board (HREB approval number: B-220504). Data col-
lection was conducted at the Syncrude Centre for Motion and Balance in 
accordance with the Declaration of Helsinki. Written informed consent 
was obtained from the participants and/or their legal guardians, as 
appropriate.

2.2. Gait acquisition and preprocessing

Three-dimensional kinematic and kinetic data were collected using 
a 12-camera optoelectronic motion-capture system (Motion Analysis 
Corporation, Santa Rosa, CA, USA) synchronized with three multiaxial 
force plates (AMTI, Watertown, MA, USA). Marker trajectories were 
sampled at 120 Hz, whereas ground reaction forces were sampled at 
1000 Hz. Reflective markers were placed on anatomical landmarks 
according to the laboratory’s standard motion-capture protocol. Partici-
pants walked barefoot at a self-selected comfortable speed along a 10-m 
walkway. A static calibration trial was recorded to define participant-
specific joint centers, segment coordinate systems, and anthropometric 
parameters. Data were processed using Visual3D software (C-Motion, 
Inc., Germantown, MD, USA). Marker trajectories and ground-reaction-
force signals were low-pass filtered using a fourth-order, zero-phase 
Butterworth filter with a cut-off frequency of 6 Hz. Initial contact 
was identified from the vertical ground reaction force using a pre-
defined threshold. Joint kinematics and kinetics were subsequently 
calculated using conventional inverse-dynamics procedures. Joint mo-
ments and powers were normalized to body mass and expressed in 
N m/kg and W∕kg, respectively. A gait cycle was defined as the interval 
between two consecutive ipsilateral initial-contact events. Each gait-
cycle waveform was resampled to a common normalized time base 
spanning 0%–100% of the gait cycle using cubic-spline interpolation. 
The resulting left- and right-side waveforms were retained separately 
for subsequent analyses [29].

2.3. Conventional biomechanical descriptors

To establish a comparative baseline, participant-level scalar feature 
vectors were constructed from anthropometric, spatiotemporal, and 
waveform-based descriptors. Anthropometric variables included body 
mass, height, and body mass index (BMI), together with a rescaled 
height parameter used to improve numerical conditioning. Spatiotem-
poral descriptors included walking velocity, cadence, stride and step 
lengths, and temporal gait-cycle characteristics such as toe-off timing 
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and phase durations. Symmetry indices were computed from normal-
ized left–right inter-limb differences. Where appropriate, parameters 
were normalized to body height. Handcrafted descriptors were ex-
tracted from time-normalized kinematic, kinetic, and muscle-length 
waveforms. Global waveform features included the mean, standard 
deviation, minimum, maximum, quartiles, range of motion (ROM), and 
area under the curve (AUC). To capture phase-specific gait character-
istics, each waveform was partitioned into five intervals: loading re-
sponse (0%–10%), mid-stance (10%–30%), terminal stance (30%–50%),
pre-swing (50%–70%), and swing (70%–100%). Within each interval, 
local summary features, including the mean, minimum, maximum, 
ROM, and AUC, were computed.

2.4. Implicit neural representation modeling and latent feature extraction

Biomechanical waveforms were modeled using implicit neural rep-
resentations, in which a neural network approximates a continuous 
mapping from the normalized gait-cycle coordinate to waveform am-
plitude [13–15]. For each participant, waveform, and side, a separate 
INR was fitted using 101 normalized gait-cycle coordinates spanning 
𝑡 ∈ [0,1].

Two reconstruction protocols were evaluated. The shallow-MLP 
protocol used a tanh-activated network with hidden-layer sizes of 
32–8–32 units. It was fitted directly to waveform amplitudes without 
per-curve target standardization, using a maximum of 500 epochs and 
an early-stopping patience of 40 epochs.

The matched PCA–INR analysis and the associated morphology and 
convergence diagnostics used a compact Fourier-MLP protocol. This 
model used a Fourier-augmented coordinate input followed by two 
ReLU-activated hidden layers containing 48 and 16 units, respectively. 
Each target waveform was standardized individually to zero mean and 
unit variance before fitting. Training used a maximum of 350 epochs 
and an early-stopping patience of 30 epochs. Predictions were trans-
formed back to the original waveform scale before per-signal RMSE and 
MAE were calculated. The aggregate convergence RMSE was calculated 
in the standardized domain to permit comparison across waveform 
classes with different physical units.

For both protocols, reconstruction metrics were evaluated at the 
same 101 coordinates used for model fitting. They therefore quan-
tify in-sample functional approximation rather than reconstruction at 
independently held-out gait-cycle coordinates.

A broader exploratory architecture benchmark additionally consid-
ered a deep MLP, a residual MLP (ResMLP), a sinusoidal representation 
network (SIREN), and a higher-capacity Fourier-feature MLP. The shal-
low MLP in this comparison used the 32–8–32 architecture described 
above. The higher-capacity Fourier-feature MLP used three hidden 
layers containing 64 units each, a Fourier-encoding dimensionality of 
16, and 𝜎 = 8.0, whereas SIREN used three hidden layers containing 64 
units each and 𝜔0 = 30.0. These exploratory architecture comparisons 
used different model capacities and evaluation procedures from the 
compact Fourier-MLP protocol used in the matched PCA–INR analysis 
and are therefore reported separately.

Following model fitting, the INR models were used as deterministic 
feature generators. Formally, for participant 𝑖, signal 𝑠, and side 𝑞, the 
fitted INR defines a continuous waveform approximation: 

𝑥̂𝑖,𝑠,𝑞(𝑡) = 𝑓𝜃𝑖,𝑠,𝑞 (𝑡), 𝑡 ∈ [0,1]. (1)

For each waveform class and side, 107 INR-derived descriptors were 
extracted. Descriptors were computed on the discrete grid 𝑡𝑘 = (𝑘 −
1)∕100, 𝑘 = 1,… , 𝐾 with 𝐾 = 101. For readability the participant, 
signal, and side indices are omitted below. Let 𝑥(𝑡𝑘) denote the observed 
waveform and 𝑥̂(𝑡𝑘) its INR reconstruction from Eq. (1).

The shape family contained 25 summaries of the observed and 
reconstructed trajectories. For 𝑦 ∈ {𝑥, 𝑥̂} these included amplitude, 
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dispersion, range-of-motion, peak-timing, distributional, and extrema-
related quantities, 

𝜇(𝑦) = 1
𝐾

𝐾
∑

𝑘=1
𝑦(𝑡𝑘), 𝜎(𝑦) =

√

√

√

√
1
𝐾

𝐾
∑

𝑘=1

(

𝑦(𝑡𝑘) − 𝜇(𝑦)
)2, (2)

ROM(𝑦) = max
𝑘

𝑦(𝑡𝑘) − min
𝑘

𝑦(𝑡𝑘), 𝑡max(𝑦) = argmax
𝑡𝑘

𝑦(𝑡𝑘), (3)

together with peak-timing, quartile, and extrema-count summaries, 
where 𝛥𝑦(𝑡𝑘) = 𝑦(𝑡𝑘+1) − 𝑦(𝑡𝑘) and 𝑁ext (𝑦) = #{𝑘 ∶ 𝛥𝑦(𝑡𝑘)𝛥𝑦(𝑡𝑘+1) < 0}.

The derivative family contained six descriptors. The first and sec-
ond derivatives of the reconstruction, 𝑥̂′(𝑡) and 𝑥̂′′(𝑡), are available 
directly from the fitted INR. The family comprised their means and 
standard deviations, 𝜇(𝑥̂′), 𝜎(𝑥̂′), 𝜇(𝑥̂′′), 𝜎(𝑥̂′′), together with the first- 
and second-derivative reconstruction errors 

RMSE𝑑 =

√

1
𝐾𝑑

∑

𝑘

(

𝑥̂(𝑑)(𝑡𝑘) − 𝛥(𝑑)𝑥(𝑡𝑘)
)2

, 𝑑 = 1,2, (4)

where 𝛥(𝑑) denotes the 𝑑th order finite difference of the observed 
waveform and 𝐾𝑑 = 𝐾 − 𝑑.

The energy/AUC family contained 12 descriptors. For 𝑦 ∈
{𝑥, 𝑥̂, |𝑥 − 𝑥̂|} the signed area, absolute area, signal energy, and cur-
vature energy were computed by trapezoidal integration,

𝐴s(𝑦) = ∫

1

0
𝑦 𝑑𝑡, 𝐴a(𝑦) = ∫

1

0
|𝑦| 𝑑𝑡, 𝐸(𝑦) = ∫

1

0
𝑦2 𝑑𝑡,

𝐶(𝑦) = ∫

1

0
(𝑦′′)2 𝑑𝑡, (5)

yielding 3 × 4 = 12 descriptors.
The latent family contained 52 descriptors and was used in the 

signal-specific INR feature-ablation pipeline. Let ℎ𝑖,𝑠,𝑞(𝑡) =
(ℎ1(𝑡),… , ℎ𝐶 (𝑡))⊤, with 𝐶 = 12, denote the 12-dimensional latent 
trajectory used by the feature-extraction procedure. Here, 𝐶 = 12
refers to the fixed latent representation used for descriptor construction 
and should not be interpreted as the width of the final architecture-
specific hidden layer. For each channel 𝑐 = 1,… , 𝐶 four summaries 
were calculated,

𝜇(ℎ𝑐 ), 𝜎(ℎ𝑐 ), range(ℎ𝑐 ) = max
𝑘

ℎ𝑐 (𝑡𝑘) − min
𝑘

ℎ𝑐 (𝑡𝑘),

𝛥(ℎ𝑐 ) =
1

𝐾 − 1

𝐾−1
∑

𝑘=1
𝛥ℎ𝑐 (𝑡𝑘), (6)

giving 4𝐶 = 48 channel-wise descriptors. Four additional global sum-
maries described the overall latent mean, standard deviation, mean 
absolute value, and energy, 

𝜇̄ = 1
𝐶𝐾

∑

𝑐,𝑘
ℎ𝑐 (𝑡𝑘), 𝜎̄, |ℎ| = 1

𝐶𝐾
∑

𝑐,𝑘
|ℎ𝑐 (𝑡𝑘)|, 𝐸̄ = 1

𝐶𝐾
∑

𝑐,𝑘
ℎ𝑐 (𝑡𝑘)2,

(7)

yielding 48 + 4 = 52 descriptors in total. Latent descriptors are com-
pact summaries of the internal INR representation rather than directly 
interpretable biomechanical variables.

The reconstruction-error family contained 12 descriptors: the global 
reconstruction 𝑅2, RMSE, and MAE; the RMSE and MAE evaluated 
within four gait-cycle intervals (0%–20%, 20%–50%, 50%–80%, and 
80%–100%); and the absolute error in the total number of extrema, 
|𝑁ext (𝑥̂) −𝑁ext (𝑥)|.

For left–right paired descriptors, two bilateral-difference represen-
tations were constructed: 

𝑧abs𝑖,𝑠 = |

|

𝑧𝑖,𝑠,𝐿 − 𝑧𝑖,𝑠,𝑅|| , (8)

and 

𝑧signed = 𝑧 − 𝑧 . (9)
𝑖,𝑠 𝑖,𝑠,𝐿 𝑖,𝑠,𝑅
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Fig. 1. Overview of the INR-based analytical workflow used in the study. Pediatric gait waveforms were modeled with implicit neural representations, transformed 
into multiple feature families, and benchmarked in reconstruction, regression, and classification tasks against conventional handcrafted descriptors.
The bilateral-asymmetry representation was defined as their concate-
nation: 
𝑧asym𝑖,𝑠 =

[

𝑧abs𝑖,𝑠 , 𝑧
signed
𝑖,𝑠

]

. (10)

The side-specific representation retained the left- and right-side 
descriptors separately, whereas the bilateral-asymmetry representation 
retained absolute and signed left–right differences. Both representa-
tions therefore contained 1070 features but encoded different predictor 
values. The complete feature accounting is provided in Table  2.

The main computational workflow is summarized in Fig.  1. A de-
tailed algorithmic description is provided in Appendix  A.

The workflow separates three evaluation levels: waveform recon-
struction, extraction of INR-derived representations, and downstream 
developmental prediction.

2.5. Implementation and code structure

All analyses were implemented in Python, with INR models in Ten-
sorFlow/Keras and data handling and predictive modeling in NumPy, 
pandas, SciPy, and scikit-learn. Within each analysis branch, recon-
struction metrics and feature definitions were applied consistently; the 
shallow-MLP and compact Fourier-MLP protocols differed in coordinate 
encoding, target scaling, architecture, and optimization settings, as 
detailed above. Full architecture-specific settings and reproducibility 
information are given in Appendices  A.2 and A.3.

2.6. Downstream evaluation protocol

The exploratory architecture-level regression analysis used a fixed 
80/20 participant-level train–test split and is reported in Appendix  B.3. 
It is not directly comparable with the primary repeated cross-validation 
analyses. Continuous chronological age was used as the regression 
target. For the exploratory classification analyses, chronological age 
was discretized into three non-overlapping classes: 4–7 years (4 ≤ 𝑎 <
8), 8–12 years (8 ≤ 𝑎 < 13), and 13–18 years (13 ≤ 𝑎 ≤ 18), where 
4 
𝑎 denotes age in years where (a) denotes age in years. This three-class 
analytical target was distinct from the four descriptive age categories 
reported for the full recruited cohort in the Participants subsection. All 
classification results reported in the main text and appendices corre-
spond to this three-class definition. Data partitioning was performed 
at the participant level to preserve independence between training and 
test observations.

The INR feature-ablation analyses and matched representation com-
parisons used ten repeats of five-fold outer cross-validation. Initial 
candidate-column construction used target-independent availability
and preliminary variance criteria applied once to the complete-case 
cohort. All subsequent median imputation, winsorization, fold-specific 
variance filtering, scaling, PCA fitting, model fitting, and hyperpa-
rameter selection were performed using the training portion of each 
cross-validation fold only.

Within each matched representation comparison, identical partici-
pants, target definitions, cross-validation partitions, downstream mod-
els, and evaluation metrics were used for all representation configu-
rations. Regression performance was quantified using 𝑅2, RMSE, and 
MAE. Classification performance was assessed primarily using balanced 
accuracy, macro-F1, and macro-averaged ROC AUC. Weighted F1 was 
additionally reported for the INR feature-ablation analyses but was not 
included in the matched representation benchmark.

2.7. INR feature ablations and reconstruction-based architecture mapping

The INR-only ablations used a fixed signal-specific architecture 
mapping defined before downstream regression and classification. Ar-
chitecture assignment was based exclusively on waveform-
reconstruction quality and did not use chronological-age or age-group 
information. One common architecture was assigned to both sides of 
each waveform class.

Fourier-MLP was assigned to ankle dorsiflexion/plantarflexion mo-
ment, hip adduction/abduction moment, knee flexion/extension, and 
hamstring length, whereas SIREN was assigned to pelvic tilt. The 
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Table 1
Signal-specific INR architectures used in the feature ablations. The architec-
ture for each waveform class was selected from reconstruction performance 
independently of the downstream age-prediction targets.
 Waveform class Selected INR architecture 
 Ankle dorsiflexion/plantarflexion moment Fourier-MLP  
 Hip adduction/abduction moment Fourier-MLP  
 Knee flexion/extension Fourier-MLP  
 Hamstring length Fourier-MLP  
 Pelvic tilt SIREN  

mapping was subsequently held fixed in all representation-, signal-, and 
descriptor-family ablations.

For the five selected waveform classes, the side-specific represen-
tation contained 1070 features. The bilateral-asymmetry representa-
tion contained a corresponding set of 1070 absolute and signed left–
right difference descriptors. Their concatenation produced a combined 
representation of 2140 features.

Three complementary ablation analyses were performed. The repre-
sentation analysis compared side-specific features, bilateral-asymmetry 
features, and their concatenation. The signal analysis compared all five 
selected signals, each individual signal, and leave-one-signal-out config-
urations. The descriptor-family analysis compared the complete side-
specific representation with shape-, latent-, derivative-, energy/AUC-, 
and reconstruction-error-only subsets.

All ablations used ten repeats of five-fold outer cross-validation. 
Within each repeat, predictions from the five held-out folds were con-
catenated to obtain one complete out-of-fold prediction vector for all 73 
participants. Regression and classification metrics were then calculated 
from this complete out-of-fold vector, yielding ten statistically paired 
repeat-level estimates per feature subset.

For regression, Elastic Net hyperparameters were optimized within 
an inner cross-validation loop using mean absolute error. The ex-
ploratory three-class age-group classification used class-weighted multi-
nomial logistic regression, with the regularization strength and L1/L2 
penalty selected by inner stratified cross-validation using balanced 
accuracy. Missing-value filtering, median imputation, column-wise win-
sorization at the 1st and 99th training-fold percentiles, variance fil-
tering, and standardization were fitted exclusively on each training 
fold.

Paired comparisons were performed using Wilcoxon signed-rank 
tests applied to the ten repeat-level out-of-fold metrics. Holm correc-
tion was applied separately within each ablation analysis and evalua-
tion metric. Mean paired differences, bootstrap 95% confidence inter-
vals based on 10,000 resamples, raw and Holm-adjusted 𝑝-values, and 
paired standardized effect sizes (𝑑𝑧) were calculated.

2.8. Raw-waveform PCA baseline, matched comparisons, and diagnostic 
analyses

A fold-wise raw-waveform principal component analysis baseline 
was included as a classical compact waveform representation.
Participant-level raw-waveform vectors were formed by concatenating 
all available signal–side trajectories. Within each training fold, missing 
values were imputed, predictors were standardized, and PCA was fitted 
before transformation of the corresponding test fold. The number of 
components was selected to target 95% cumulative explained variance, 
subject to a maximum of 30 components. All cross-validation folds 
reached the predefined cap of 30 PCA components.

The conventional biomechanical feature matrix used in the matched 
PCA–INR benchmark contained 1695 candidate predictors before fold-
specific variance filtering. This matrix differed from the 681-feature 
biomechanical baseline used in the earlier exploratory architecture-
level analysis because the two analyses relied on distinct
data-processing and feature-construction pipelines. Accordingly, their 
5 
feature counts and numerical results should not be interpreted as 
directly comparable.

The matched representation benchmark compared seven feature 
configurations: conventional biomechanical descriptors only,
raw-waveform PCA only, INR-derived features only, biomechanical 
descriptors combined with PCA, biomechanical descriptors combined 
with INR features, PCA combined with INR features, and the full 
biomechanical+PCA+INR representation.

Chronological-age regression used Elastic Net with internal cross-
validation over four 𝐿1∕𝐿2 mixing ratios and 40 logarithmically spaced 
regularization strengths. Exploratory three-class age-group classifica-
tion (4–7, 8–12, and 13–18 years) used a Random Forest with 600 trees, 
class weights recalculated for each bootstrap sample, a minimum leaf 
size of two, and the square root of the number of predictors considered 
at each split. The same downstream model specification was applied to 
all representation configurations within a given task.

The INR-derived feature set in this matched benchmark was gen-
erated using the compact Fourier-MLP model described above and 
followed a feature-construction scheme distinct from the 1070-feature 
signal-specific representation used in the INR ablation analyses. De-
scriptors were generated separately for five waveform classes and two 
sides, yielding ten signal–side feature blocks per participant. Each block 
initially contained 119 predictors: 32 shape descriptors, eight deriva-
tive descriptors, eight energy/AUC descriptors, three reconstruction-
quality metrics, 64 latent descriptors, and four training diagnostics. 
The 64 latent descriptors comprised four summary statistics calcu-
lated across the normalized gait-cycle coordinates for each of the 16 
units in the final hidden layer. This resulted in 1190 generated pre-
dictors. Fourteen globally constant training-diagnostic columns were 
removed during feature-matrix construction, leaving 1176 candidate 
predictors before fold-specific missingness and variance filtering. Their 
composition is reported in Table  3.

The reconstruction diagnostics for this model comprised five se-
lected waveform classes, two sides, and 73 participants, yielding
73 × 5 × 2 = 730

independently fitted waveform models. This diagnostic subset should 
be distinguished from the complete raw-waveform matrix used for PCA, 
which contained 128 distinct waveform signals and 256 signal–side 
pairs. All representation configurations were evaluated using the same 
73 participants (Section 2.1), cross-validation partitions, preprocessing 
rules, targets, and downstream models.

The repeated cross-validation procedure comprised ten repeats of 
five-fold cross-validation, producing 50 fold-level scores. Descriptive 
means and standard deviations were calculated from all 50 fold-level 
results. For statistical inference, however, fold-level scores were first 
averaged within each repeat, yielding ten paired repeat-level observa-
tions. Wilcoxon signed-rank tests were then applied to these ten paired 
repeat means.

Multiplicity was controlled separately within the regression and 
classification tasks using the Holm procedure across the twelve planned 
representation–metric comparisons in each task. Mean paired differ-
ences, bootstrap 95% confidence intervals, raw and Holm-adjusted 
𝑝-values, and paired standardized effect sizes 𝑑𝑧 were reported. Fold-
level tests were retained only as sensitivity analyses, because folds 
within repeated cross-validation are not statistically independent. Sta-
tistical inference was based on the Holm-adjusted Wilcoxon signed-rank 
tests. The bootstrap percentile confidence intervals are reported as 
descriptive summaries of the mean paired difference and were not used 
for significance decisions. Because these intervals concern the mean 
difference whereas the Wilcoxon test concerns a rank-based location 
shift — and because percentile intervals can be anticonservative at 
the small number of repeat-level observations (𝑛 = 10) — the two 
summaries occasionally diverge; in every such case the corresponding 
effect was non-significant after Holm correction.



A. Pregowska et al. Biomedical Signal Processing and Control 129 (2027) 111450 
Table 2
Composition of the INR-derived descriptor families under the signal-specific architecture mapping. The side-specific representation concatenated left- and right-side 
descriptors. The bilateral-asymmetry representation concatenated absolute and signed left–right differences.
 Descriptor family Per signal and side Five signals, one side Side-specific L+R Absolute differences Signed differences Asymmetry total
 Shape 25 125 250 125 125 250  
 Latent 52 260 520 260 260 520  
 Derivative 6 30 60 30 30 60  
 Energy/AUC 12 60 120 60 60 120  
 Reconstruction error 12 60 120 60 60 120  
 Total 107 535 1070 535 535 1070  
Table 3
Composition of the compact Fourier-MLP feature set used in the matched PCA–INR benchmark. Descriptors were generated 
separately for five waveform classes and two sides, yielding ten signal–side feature blocks per participant. The generated-count 
column reports the feature set before global constant-column removal. Fourteen constant training-diagnostic predictors were 
removed, leaving 1176 candidate predictors before fold-specific missingness and variance filtering.
 Descriptor family Per signal–side curve Generated count Globally constant predictors removed Retained count
 Shape 32 320 0 320  
 Derivative 8 80 0 80  
 Energy/AUC 8 80 0 80  
 Reconstruction quality 3 30 0 30  
 Latent 64 640 0 640  
 Training diagnostics 4 40 14 26  
 Total 119 1190 14 1176  
Table 4
Chronological-age regression results for alternative bilateral INR feature representations. Values are means ±
standard deviations across ten complete repeat-level out-of-fold evaluations. The INR architecture was selected 
separately for each waveform class using reconstruction performance.
 Representation Features 𝑅2 RMSE [years] MAE [years]  
 Bilateral asymmetry only 1070 0.245 ± 0.083 3.451 ± 0.185 2.899 ± 0.136 
 Side-specific only 1070 0.645 ± 0.024 2.369 ± 0.082 1.943 ± 0.061 
 Side-specific + asymmetry 2140 𝟎.𝟕𝟎𝟎 ± 𝟎.𝟎𝟏𝟕 𝟐.𝟏𝟕𝟔 ± 𝟎.𝟎𝟔𝟒 𝟏.𝟖𝟎𝟏 ± 𝟎.𝟎𝟒𝟓  
To examine whether reconstruction fidelity translated into develop-
mental predictive relevance, participant-level Fourier-MLP reconstruc-
tion quality was correlated with absolute chronological-age prediction 
error using Spearman correlation. Mean reconstruction 𝑅2, RMSE, and 
MAE were examined separately. Because the Fourier-MLP reconstruc-
tion values were strongly concentrated near their upper limit, the stan-
dard deviation, interquartile range, and full range of participant-level 
reconstruction 𝑅2 were additionally examined to quantify range re-
striction. Morphology-preservation analyses compared original and re-
constructed waveforms using range of motion, peak timing, derivative 
energy, curvature energy, and extrema-count errors.

3. Results

3.1. Implicit neural representations of gait waveforms

Appendix  C.2 and Table  C.19 summarize reconstruction perfor-
mance specifically for the shallow-MLP protocol. Under this protocol, 
reconstruction quality varied substantially across biomechanical wave-
form types. The highest mean 𝑅2 values were observed for ankle dorsi-
flexion/plantarflexion and hip adduction/abduction moment trajecto-
ries, whereas pelvic-tilt and hamstring-length trajectories were recon-
structed less accurately. These results are specific to the shallow-MLP 
protocol.

3.2. INR-derived features in chronological age regression

The INR-only regression analysis used the signal-specific archi-
tecture mapping (Table  1). The combined side-specific and bilateral-
asymmetry representation achieved the strongest performance, with 
𝑅2 = 0.700 ± 0.017, RMSE = 2.176 ± 0.064 years, and MAE = 1.801 ±
0.045 years (Table  4).
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Relative to the side-specific representation, adding bilateral-
asymmetry features increased 𝑅2 by 0.055 and reduced RMSE and MAE 
by 0.193 and 0.142 years, respectively. All three differences remained 
significant after Holm correction (𝑝Holm = 0.0039). Bilateral-asymmetry 
features alone were significantly less predictive than side-specific fea-
tures (𝑝Holm = 0.0039 for all three regression metrics).

Descriptor-family performance is summarized in Table  5.
Energy/AUC descriptors provided the strongest individual-family re-
sult, whereas latent and reconstruction-error descriptors showed lim-
ited standalone predictive value.

Energy/AUC descriptors significantly outperformed the complete 
descriptor set: 𝑅2 increased by 0.051, whereas RMSE and MAE de-
creased by 0.181 and 0.140 years, respectively (𝑝Holm = 0.0098 for 
all three metrics). Shape-only performance did not differ significantly 
from the complete descriptor set. Derivative-only performance was 
nominally lower but did not remain significant after Holm correction.

Leave-one-signal-out and single-signal results are reported in Ap-
pendix  B.1 (Table  B.14); ankle and hip moment features were the 
strongest incremental contributors.

An exploratory fixed-split comparison of INR architectures is pro-
vided in Appendix  B.3. These results are not directly comparable with 
the repeated cross-validation analyses reported above.

3.3. INR-derived feature ablations for age-group classification

The exploratory three-class age-group classification analysis (4–7, 
8–12, and 13–18 years) followed the same signal-specific architec-
ture mapping and repeated out-of-fold procedure as the regression 
analysis. The combined side-specific and bilateral-asymmetry repre-
sentation achieved the highest mean balanced accuracy and macro-F1 
score, whereas the side-specific representation achieved very similar 
performance with half the number of input features.
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Table 5
Chronological-age regression results for INR descriptor families. Values are means ± standard deviations 
across ten complete repeat-level out-of-fold evaluations.
 Descriptor subset Features 𝑅2 RMSE [years] MAE [years]  
 All descriptor families 1070 0.645 ± 0.024 2.369 ± 0.082 1.943 ± 0.061 
 Shape only 250 0.650 ± 0.036 2.350 ± 0.119 1.905 ± 0.110 
 Latent only 520 −0.077 ± 0.069 4.126 ± 0.134 3.486 ± 0.107 
 Derivative only 60 0.625 ± 0.032 2.432 ± 0.102 2.009 ± 0.083 
 Energy/AUC only 120 𝟎.𝟔𝟗𝟔 ± 𝟎.𝟎𝟑𝟏 𝟐.𝟏𝟖𝟖 ± 𝟎.𝟏𝟏𝟎 𝟏.𝟖𝟎𝟑 ± 𝟎.𝟎𝟗𝟕  
 Reconstruction error only 120 0.040 ± 0.034 3.895 ± 0.069 3.324 ± 0.075 
Table 6
Exploratory three-class age-group classification results for alternative bilateral INR feature representations. The classes 
were defined as 4–7, 8–12, and 13–18 years. Values are means ± standard deviations across ten complete repeat-level 
out-of-fold evaluations.
 Representation Features Balanced acc. Macro-F1 Weighted F1 ROC AUC  
 Bilateral asymmetry only 1070 0.599 ± 0.042 0.595 ± 0.043 0.604 ± 0.044 0.747 ± 0.035 
 Side-specific only 1070 0.746 ± 0.029 0.728 ± 0.027 0.721 ± 0.027 0.859 ± 0.021 
 Side-specific + asymmetry 2140 𝟎.𝟕𝟒𝟗 ± 𝟎.𝟎𝟑𝟒 𝟎.𝟕𝟑𝟎 ± 𝟎.𝟎𝟑𝟖 𝟎.𝟕𝟐𝟔 ± 𝟎.𝟎𝟑𝟖 𝟎.𝟖𝟔𝟖 ± 𝟎.𝟎𝟏𝟕  
Fig. 2. Performance of INR-derived descriptor families in the two downstream tasks. Bars show mean performance across ten complete repeat-level out-of-fold 
evaluations. (A) Chronological-age regression quantified using the coefficient of determination (𝑅2). Energy/AUC descriptors achieved the highest mean regression 
performance. (B) Exploratory three-class age-group classification (4–7, 8–12, and 13–18 years) quantified using balanced accuracy.
The combined representation yielded only modest mean improve-
ments over the side-specific representation: 0.003 in balanced accuracy, 
0.002 in macro-F1, and 0.009 in macro-averaged ROC AUC. Therefore, 
the two representations should be interpreted as showing broadly com-
parable classification performance, whereas asymmetry features alone 
were substantially less informative.

Shape descriptors retained a relatively high ROC AUC, whereas 
latent and reconstruction-error descriptors were substantially less infor-
mative. Complete descriptor-family results are provided in  Appendix 
B.2 (Table  B.16).

Signal-level classification results are provided in Appendix  B.1 (Ta-
ble  B.15).

Fig.  2 compares the predictive performance of the INR descrip-
tor families. For chronological-age regression, energy/AUC descrip-
tors achieved the highest mean 𝑅2, whereas the complete descriptor 
representation achieved the highest balanced accuracy for age-group 
classification.

The INR feature-ablation analyses presented above and the matched 
PCA–INR representation comparison reported below address comple-
mentary questions. The feature-ablation analyses used a signal-specific 
architecture mapping and evaluated 1070 side-specific features, 1070 
bilateral-asymmetry features, and their 2140-feature combination. The 
matched PCA–INR analysis used a separate compact Fourier-MLP fea-
ture representation under common cross-representation evaluation con-
ditions. The former analyses characterize the internal composition of 
the INR feature space, whereas the latter evaluates the performance of 
INR-derived features relative to conventional biomechanical descriptors 
and raw-waveform PCA.
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3.4. Matched comparison with raw-waveform PCA and conventional biome-
chanical descriptors

Table  7 summarizes the matched representation comparison for 
chronological-age regression. The biomechanics+PCA and
biomechanical-only configurations achieved the highest mean perfor-
mance, with 𝑅2 = 0.842 ± 0.066 and 𝑅2 = 0.837 ± 0.070, respectively. 
Their difference was small and not statistically significant.

Adding INR-derived features to the biomechanical representation 
did not significantly change regression performance. The biomechan-
ics+INR configuration achieved 𝑅2 = 0.833 ± 0.065, compared with 
𝑅2 = 0.837 ± 0.070 for the biomechanical-only baseline. Standalone 
INR and raw-waveform PCA representations performed substantially 
worse than representations containing conventional biomechanical de-
scriptors

Table  8 presents the matched exploratory three-class age-group 
classification results for the 4–7-, 8–12-, and 13–18-year groups. The 
biomechanical-only configuration achieved the highest mean balanced 
accuracy (0.798 ± 0.109), macro-F1 score (0.788 ± 0.114), and ROC 
AUC (0.910 ± 0.060). Adding raw-waveform PCA features did not 
significantly change classification performance.

Adding INR-derived features to the biomechanical representation re-
duced balanced accuracy to 0.767 ± 0.108, macro-F1 to 0.754 ± 0.115, 
and ROC AUC to 0.896 ± 0.064. Standalone INR-derived features 
retained measurable age-group information but remained substantially 
less informative than conventional biomechanical descriptors.
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Table 7
Matched comparison of biomechanical, raw-waveform PCA, INR-derived, and combined representations 
for chronological-age regression. Values are means ± standard deviations across 50 outer-fold evaluations 
from ten repeats of five-fold cross-validation. Statistical inference was performed using ten paired repeat-
level means. Feature counts refer to candidate predictors before fold-specific variance filtering.
 Representation Features 𝑅2 RMSE [years] MAE [years]  
 Biomechanics + PCA 1725 0.842 ± 0.066 1.494 ± 0.281 1.213 ± 0.245 
 Biomechanics only 1695 0.837 ± 0.070 1.515 ± 0.296 1.223 ± 0.258 
 Biomechanics + PCA + INR 2901 0.829 ± 0.076 1.552 ± 0.284 1.240 ± 0.236 
 Biomechanics + INR 2871 0.833 ± 0.065 1.539 ± 0.260 1.230 ± 0.222 
 INR only 1176 0.147 ± 0.755 3.321 ± 1.318 2.424 ± 0.625 
 PCA + INR 1206 0.095 ± 0.925 3.351 ± 1.476 2.413 ± 0.673 
 Raw-waveform PCA only 30 −0.518 ± 2.775 3.587 ± 3.162 2.242 ± 0.979 
Table 8
Matched comparison of biomechanical, raw-waveform PCA, INR-derived, and combined representations for 
exploratory three-class age-group classification. The classes were defined as 4–7, 8–12, and 13–18 years. Values 
are means ± standard deviations across 50 outer-fold evaluations from ten repeats of five-fold cross-validation. 
Statistical inference was performed using ten paired repeat-level means. Feature counts refer to candidate 
predictors before fold-specific variance filtering.
 Representation Features Balanced accuracy Macro-F1 ROC AUC  
 Biomechanics only 1695 0.798 ± 0.109 0.788 ± 0.114 0.910 ± 0.060 
 Biomechanics + PCA 1725 0.784 ± 0.109 0.772 ± 0.117 0.905 ± 0.061 
 Biomechanics + PCA + INR 2901 0.768 ± 0.116 0.756 ± 0.123 0.898 ± 0.064 
 Biomechanics + INR 2871 0.767 ± 0.108 0.754 ± 0.115 0.896 ± 0.064 
 INR only 1176 0.648 ± 0.116 0.625 ± 0.118 0.836 ± 0.059 
 PCA + INR 1206 0.642 ± 0.105 0.615 ± 0.109 0.837 ± 0.062 
 Raw-waveform PCA only 30 0.552 ± 0.111 0.524 ± 0.127 0.781 ± 0.081 
3.5. Formal paired comparisons between representations

Paired comparisons based on the ten cross-validation repeat means 
confirmed that adding PCA to the biomechanical representation did not 
significantly alter regression or classification performance after Holm 
correction.

For chronological-age regression, adding INR-derived features to 
the biomechanical baseline changed mean 𝑅2 by −0.0039, RMSE by 
0.0240 years, and MAE by 0.0078 years. None of these differences 
was statistically significant after Holm correction (𝑝Holm = 1.000 for 
all three metrics).

For exploratory three-class age-group classification, adding INR-
derived features significantly reduced balanced accuracy by 0.0304 
(𝑝Holm = 0.0307), macro-F1 by 0.0347 (𝑝Holm = 0.0234), and ROC 
AUC by 0.0134 (𝑝Holm = 0.0234). Standalone INR and standalone 
raw-waveform PCA representations were significantly worse than the 
biomechanical baseline for all evaluated regression and classification 
metrics (𝑝Holm = 0.0234).

Complete paired comparisons, including bootstrap confidence in-
tervals, effect sizes, raw 𝑝-values, and Holm-adjusted 𝑝-values, are 
provided in Appendix  C.3, Tables  C.20 and C.21.

3.6. Auxiliary reconstruction diagnostics

Participant-level reconstruction quality was not significantly associ-
ated with absolute chronological-age prediction error. Because recon-
struction 𝑅2 values were strongly concentrated near one, the analysis 
was affected by severe range restriction and should be interpreted 
descriptively. Complete correlation results and the corresponding vi-
sualization are provided in Appendix  C.4.

The compact Fourier-MLP protocol achieved near-perfect in-sample 
approximation. Global amplitude-related properties were generally 
preserved, whereas derivative- and extrema-based waveform charac-
teristics were more sensitive to smoothing. Complete morphology-
preservation and convergence diagnostics are provided in
Appendix  C.5.
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3.7. Benchmark summary

The representation-, signal-, and descriptor-family ablations are 
treated as secondary INR-internal analyses, whereas the matched PCA–
INR benchmark remains the primary comparison between representa-
tion families.

Despite this high approximation fidelity, Fourier-MLP-derived fea-
tures showed limited standalone utility for chronological age regres-
sion and did not provide an incremental advantage over conventional 
biomechanical descriptors. Selected INR-derived feature families re-
tained some information relevant to exploratory age-group classifica-
tion, but the biomechanical baseline remained stronger, and adding 
INR features significantly reduced classification performance in the 
matched repeat-level comparisons.

Table  9 summarizes the principal representation analyses.

4. Discussion

The present study evaluated implicit neural representations as con-
tinuous encodings of pediatric gait waveforms for reconstruction and 
developmental modeling. The INR-only ablations showed that
reconstruction-selected INR features retained substantial age-related 
information: combining side-specific and bilateral-asymmetry descrip-
tors yielded 𝑅2 = 0.700 ± 0.017 for chronological-age regression. 
Nevertheless, representations containing conventional biomechanical 
descriptors achieved the strongest performance in the matched cross-
representation benchmark, and the biomechanical-only baseline was 
statistically indistinguishable from the highest-performing biomechan-
ics+PCA configuration.

A first key observation was that reconstruction fidelity depended on 
both waveform type and fitting protocol. Under the shallow-MLP pro-
tocol, ankle and hip moment trajectories were reconstructed more ac-
curately than pelvic-tilt and hamstring-length trajectories. In contrast, 
the compact Fourier-MLP protocol achieved near-perfect in-sample ap-
proximation across the same selected waveform classes.

This contrast indicates that the lower reconstruction values in Ta-
ble  C.19 should not be interpreted as an intrinsic limitation of INR 
modeling for these signals. Rather, they reflect the capacity, coordinate 
representation, scaling, and optimization settings of the shallow-MLP 
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Table 9
Overview of the primary waveform-representation analyses. Each row reports a single headline metric (𝑅2 for regression, balanced accuracy for classification, and 
explained variance for the PCA encoding). Complete metrics, including standard deviations, are provided in the source tables listed in the penultimate column. 
The INR feature analyses characterize the internal predictive utility of the signal-specific INR feature space, whereas the matched comparisons evaluate INR- and 
PCA-derived features relative to conventional biomechanical descriptors.
 Analysis Representation Headline result Source Interpretation  
 Raw-waveform encoding 30-component fold-wise 

PCA
Explained variance 
= 0.899

Table  C.18 Most waveform variance was preserved, but 
variance preservation did not guarantee 
superior downstream prediction.

 

 Regression, INR ablation Side-specific + asymmetry 𝑅2 = 0.700 Table  4 Strongest INR-only feature configuration.  
 Classification, INR ablation Side-specific + asymmetry Balanced accuracy = 0.749 Table  6 Highest mean INR-only classification result.  
 Regression, matched Biomechanics + PCA 𝑅2 = 0.842 Table  7 Highest mean regression result, although 

the difference from biomechanics alone was 
not statistically significant.

 

 Regression, matched Biomechanics only 𝑅2 = 0.837 Table  7 Strong and stable conventional baseline.  
 Regression, matched Biomechanics + INR 𝑅2 = 0.833 Table  7 Adding INR-derived features did not 

significantly change performance.
 

 Regression, matched INR only 𝑅2 = 0.147 Table  7 Weak and unstable standalone performance.  
 Classification (3 classes), matched Biomechanics only Balanced accuracy = 0.798 Table  8 Highest mean classification performance.  
 Classification (3 classes), matched Biomechanics + PCA Balanced accuracy = 0.784 Table  8 Performance did not differ significantly 

from that of biomechanics alone.
 

 Classification (3 classes), matched Biomechanics + INR Balanced accuracy = 0.767 Table  8 Adding INR-derived features significantly 
reduced the evaluated classification metrics.

 

 Classification (3 classes), matched INR only Balanced accuracy = 0.648 Table  8 Retained measurable age-group information 
but remained weaker than the 
biomechanical representation.

 

 Reconstruction–prediction relation Fourier-MLP reconstruction 
versus prediction error

Weak, non-significant 
association

Table  C.22 Near-perfect in-sample reconstruction did 
not ensure accurate prediction; the analysis 
was auxiliary and descriptive.

 

protocol. At the same time, the near-perfect Fourier-MLP results demon-
strate approximation capacity at the sampled coordinates and do not 
by themselves establish that the resulting representation preserves 
developmentally informative variation.

A second important finding was that signal-architecture compati-
bility was important for constructing informative INR-derived feature 
spaces. Fourier-MLP was assigned to four waveform classes and SIREN 
to pelvic tilt (Table  1). The resulting signal-specific mapping retained 
measurable downstream predictive information, indicating that a single 
architecture may not be equally suitable for kinetic, kinematic, and 
muscle-length trajectories with different waveform characteristics [13,
14].

Despite the informative INR-only results, conventional biomechan-
ical descriptors remained more accurate for chronological-age predic-
tion, and adding INR-derived features to the biomechanical representa-
tion did not provide a consistent incremental advantage. INR-derived 
descriptors can therefore encode developmental information without 
necessarily outperforming physically interpretable biomechanical fea-
tures, which is consistent with previous work showing that carefully 
designed biomechanical features remain competitive with data-driven 
approaches in gait analysis [2,24,25].

The added raw-waveform PCA baseline clarifies the relationship 
between INR-derived representations and established compact wave-
form encodings. Although the 30-component PCA representation pre-
served approximately 90% of the raw waveform variance, PCA-only 
features did not outperform conventional biomechanical descriptors in 
chronological age regression or exploratory age-group classification. 
This indicates that preservation of dominant waveform variance is 
not equivalent to preservation of developmentally predictive informa-
tion. Similarly, the Fourier-MLP model approximated waveforms al-
most perfectly but did not provide consistent incremental value beyond 
conventional biomechanical descriptors.

Conceptually, PCA and functional PCA provide cohort-level linear 
decompositions of waveform variability, whereas the INR models used 
here provide participant- and signal-specific continuous coordinate-
to-amplitude mappings [9,10,26]. Thus, PCA emphasizes dominant 
modes of variance shared across participants, while INRs emphasize 
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smooth functional approximation of individual trajectories. Functional 
data analysis and fPCA may therefore be more directly aligned with 
population-level developmental modeling, whereas INRs provide ad-
vantages related to continuous interpolation, differentiability, compact 
signal storage, and morphology-preserving reconstruction. The present 
results show that these properties do not automatically translate into 
stronger age prediction.

The morphology-preservation analysis also helps explain the lim-
ited downstream utility of INR-derived features. INR reconstructions 
preserved global amplitude-related properties relatively well, but local 
timing, derivative, curvature, and extrema-based characteristics were 
more sensitive to smoothing. In pediatric gait analysis, such local 
waveform features may contain participant-specific or developmentally 
relevant information that is not fully captured by reconstruction ob-
jectives alone. Therefore, future INR-based approaches may require 
task-aware, shared, or meta-learned representations rather than inde-
pendently fitted participant-level models optimized only for waveform 
reconstruction.

Because the present implementation fitted participant-specific INR 
models independently, the resulting parameter spaces are not guaran-
teed to be aligned across participants. Future work should therefore 
evaluate shared, amortized, or meta-learned INR frameworks, including 
functa-style representations in which fitted functions are treated as 
data objects for downstream representation learning [30]. Such ap-
proaches may improve feature comparability, computational efficiency, 
and adaptation to population-level prediction tasks. Partitioned or 
piecewise INR strategies may provide an additional route to improv-
ing fitting efficiency for signals with heterogeneous local structure 
by assigning smaller implicit models to separate signal regions [31]. 
In gait analysis, a related strategy could involve phase-specific INR 
components corresponding to stance, pre-swing, and swing; however, 
the utility of such partitioning for biomechanical waveforms remains 
to be evaluated.

The descriptor-family analysis showed that age-related informa-
tion was not distributed uniformly across INR-derived feature types, 
and that the most informative subset depended on the downstream 
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task. For continuous chronological-age regression, the compact en-
ergy/AUC subset provided the strongest representation and signifi-
cantly outperformed the complete descriptor set (𝑅2 = 0.696 ± 0.031
versus 0.645 ± 0.024; 𝑝Holm = 0.0098), whereas shape-only perfor-
mance was statistically indistinguishable from the complete set and 
derivative-only performance was nominally lower but not significant 
after Holm correction. For exploratory age-group classification the 
ordering differed: the complete descriptor set achieved the highest 
balanced accuracy (0.746 ± 0.029), the energy/AUC subset did not 
retain its advantage (0.702 ± 0.030), and shape descriptors retained 
a comparatively high ROC AUC (0.847 ± 0.030) despite using only 
250 features. Latent and reconstruction-error descriptors were weakly 
predictive in both tasks. Integral, physically interpretable summaries 
of the fitted waveform therefore carried more developmental informa-
tion than summaries of the internal network state, although the most 
informative INR summary depended on the downstream task and eval-
uation metric. From a translational perspective, INRs are best viewed 
as continuous representations of waveform morphology rather than 
direct replacements for conventional biomechanical descriptors. Their 
potential advantages include smooth interpolation, access to wave-
form derivatives, potentially compact parametric signal representa-
tion, flexible morphology-based feature construction, and initialization 
of future task-aware representation-learning or phenotype-discovery 
pipelines [13–15].

5. Limitations of the study

The present findings should be interpreted cautiously. The cohort 
size was modest relative to the dimensionality of several INR-derived 
feature sets, which may have limited model stability and generalizabil-
ity despite the use of regularization and cross-validation, particularly 
for the exploratory three-class age-group classification.

Chronological age was used only as a practical proxy for develop-
ment rather than a complete measure of neuromuscular maturation. All 
repeated cross-validation analyses should therefore be interpreted as 
complete-case analyses on 73 of the 78 recruited participants. The con-
strained PCA representation retained 0.899 ± 0.017 of the training-fold 
variance rather than the targeted 95%.

An additional limitation concerns the interpretation of reconstruc-
tion quality. The shallow-MLP and Fourier-MLP results were obtained 
under different architectures, target-scaling procedures, and optimiza-
tion settings and therefore should not be treated as directly inter-
changeable estimates. Moreover, reconstruction metrics were calcu-
lated at the same 101 gait-cycle coordinates used to fit each participant-
specific INR. The reported reconstruction values consequently quantify 
in-sample approximation rather than interpolation or generalization to 
held-out coordinates. The reconstruction–prediction correlation analy-
sis was also affected by severe range restriction because participant-
level Fourier-MLP reconstruction 𝑅2 values were concentrated close 
to one. Therefore, the absence of a significant correlation should not 
be interpreted as definitive evidence that reconstruction fidelity and 
developmental utility are statistically independent.

The signal-specific architecture mapping was defined on the
complete-case cohort and not repeated within each outer training 
fold; it should therefore be interpreted as a fixed representation-design 
decision rather than fully nested model selection. In addition, the 
feature-ablation analyses were restricted to five selected waveform 
classes. Validation using independently prespecified waveform sets and 
larger external cohorts is required.

The large fold-level variability of the standalone raw-waveform 
PCA and INR-based regression models was accompanied by occasional 
extrapolations outside the observed pediatric age range. This insta-
bility further supports the interpretation that these standalone repre-
sentations were insufficiently regularized for reliable standalone age 
prediction in the present small-sample cohort. A further limitation 
10 
concerns the initial construction of the candidate predictor set. Target-
independent availability and preliminary variance criteria were applied 
once to the complete-case cohort before repeated cross-validation. Al-
though these criteria did not use chronological-age or age-group labels, 
they incorporated information about the predictor distribution across 
the full analytical cohort, including observations subsequently assigned 
to test folds. This procedure may have introduced a small optimistic 
bias relative to a fully fold-wise feature-construction pipeline. Future 
analyses should repeat all availability- and variance-based screening 
exclusively within each outer training fold.

6. Conclusions

Implicit neural representations provided continuous coordinate-
based encodings of selected pediatric gait waveforms, although the 
resulting downstream descriptor matrices remained high-dimensional. 
Reconstruction fidelity depended strongly on the fitting protocol. The 
shallow-MLP protocol showed substantial signal-dependent variation 
in reconstruction quality, whereas the compact Fourier-MLP proto-
col achieved near-perfect in-sample approximation of the same se-
lected waveform classes. Despite the high approximation fidelity of the 
Fourier-MLP model, the matched representation benchmark showed 
that neither raw-waveform PCA nor INR-derived representations re-
placed conventional biomechanical descriptors for developmental pre-
diction in this cohort. PCA preserved most raw waveform variance, 
but PCA-derived features did not provide a robust incremental im-
provement over biomechanical descriptors. These findings reinforce the 
conclusion that waveform approximation fidelity, variance preserva-
tion, and developmental predictive utility are distinct representation 
properties.

In the INR feature analyses, signal-specific architecture selection 
and the combination of side-specific and bilateral-asymmetry descrip-
tors retained substantial developmental information. The combined 
representation achieved 𝑅2 = 0.700 ± 0.017 for chronological-age re-
gression and a balanced accuracy of 0.749 ± 0.034 for exploratory age-
group classification. Energy/AUC descriptors provided the strongest 
individual regression feature family, whereas the complete descriptor 
set achieved the highest overall classification performance.

Conventional biomechanical descriptors nevertheless remained
more accurate in the matched representation comparison, and adding 
INR-derived features did not provide a consistent incremental advan-
tage. INRs should therefore be viewed as complementary continuous 
waveform representations whose utility depends on signal-architecture 
compatibility and feature design, rather than as direct replacements for 
established biomechanical descriptors. Their practical value may there-
fore lie in applications such as waveform compression, interpolation 
of sparsely sampled gait cycles, derivative-based morphology analy-
sis, and initialization of task-aware representation-learning pipelines, 
rather than in incremental gains in developmental prediction.
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Appendix A. Implementation and reproducibility details

A.1. Computational pipeline

For clarity and reproducibility, the main computational workflow is 
summarized in Algorithm 1. The pipeline includes preprocessing, INR 
fitting, feature extraction, and downstream regression and classifica-
tion analyses used to benchmark INR-derived representations against 
conventional biomechanical descriptors.

Algorithm 1 INR-based gait waveform analysis pipeline
Require: Selected gait waveforms for all subjects
Ensure: Reconstruction metrics, INR-derived feature sets, downstream 

regression/classification results
1: for each waveform type and side do
2:  Normalize waveform coordinates over the gait cycle
3:  Train INR model to map coordinate → waveform value
4:  Compute reconstruction metrics (𝑅2, RMSE, MAE)
5:  Extract INR-derived feature families:
6:   shape descriptors
7:   latent descriptors
8:   derivative-based descriptors
9:   energy/AUC descriptors
10:   reconstruction-error descriptors
11:  Construct side-specific and bilateral-asymmetry representations
12: end for
13: Branch A (INR feature ablations): assign one architecture to each 

waveform class using reconstruction quality
14:  Construct side-specific, bilateral-asymmetry, signal, and 

descriptor-family subsets
15:  Evaluate INR-only feature sets in chronological age regression 

and age-group classification
16: Branch B (matched PCA–INR benchmark): construct a separate 

compact Fourier-MLP representation
17:  Evaluate biomechanical, raw-waveform PCA, INR-derived, and 

combined representations under common cross-validation
18: Compare INR-derived features with conventional handcrafted 

descriptors and raw-waveform PCA
19: Summarize reconstruction, regression, and classification bench-

marks

A.2. INR architectures and training settings

See Tables  A.10–A.13.

A.3. Reproducibility and code structure

All analyses were implemented in Python within a unified com-
putational pipeline integrating waveform preprocessing, INR fitting, 
feature extraction, and downstream predictive modeling. INR mod-
els were implemented in TensorFlow/Keras, whereas data handling 
and machine-learning analyses were performed using NumPy, pandas, 
SciPy, and scikit-learn.
11 
Initial target-independent candidate-column construction used
availability and variance criteria applied to the complete-case cohort. 
Fold-specific median imputation, winsorization where applicable, scal-
ing, PCA, model fitting, and hyperparameter selection where applicable 
were performed using training data only. Randomness associated with 
model initialization and data partitioning was controlled using fixed 
random seeds.

The compared INR architectures and shared implementation set-
tings are summarized in Tables  A.10 and A.11. Representative hyper-
parameters and optimization settings are provided in Tables  A.12 and
A.13.

The compact Fourier-MLP model used in the matched PCA–INR 
benchmark was a separate diagnostic implementation from the higher-
capacity Fourier MLP listed in Tables  A.12 and A.13. The diagnos-
tic implementation used 48–16 ReLU-activated hidden layers, per-
curve target standardization, a maximum of 350 epochs, and an early-
stopping patience of 30 epochs. Code availability is specified in the 
Code Availability Statement.

Appendix B. Supplementary INR feature analyses

B.1. Signal-specific regression and classification analyses

The leave-one-signal-out analysis identified ankle and hip moments 
as the strongest incremental contributors. Removing either signal sig-
nificantly reduced 𝑅2 and increased RMSE and MAE (𝑝Holm = 0.0195
for all three metrics). Removing hamstring-length features significantly 
reduced 𝑅2 and increased RMSE, whereas the corresponding MAE 
difference was not significant after Holm correction. Removal of knee 
flexion/extension or pelvic-tilt features did not result in a statistically 
detectable change relative to the complete five-signal representation. 
Nevertheless, every single-signal model performed significantly worse 
than the complete five-signal representation.

The architecture was assigned separately to each waveform class 
using reconstruction performance; therefore, a separate downstream 
architecture ranking was not performed for this analysis.

B.2. Descriptor-family analysis for three-class age-group classification

The complete descriptor representation achieved the highest bal-
anced accuracy and macro-F1 score. Shape descriptors retained a rel-
atively high ROC AUC despite using only 250 features, whereas latent 
and reconstruction-error descriptors were substantially less informa-
tive. This ranking differed from the regression analysis, in which the 
compact energy/AUC subset provided the strongest individual-family 
performance.

B.3. Exploratory architecture-level regression analysis

The 681-feature biomechanical baseline reported in this exploratory 
analysis was generated using the feature matrix available to the
architecture–comparison pipeline. It was not identical to the expanded 
1695-candidate-predictor biomechanical representation used in the 
subsequent matched PCA–INR benchmark. Accordingly, the
exploratory analysis is reported separately and is not used for direct 
inference about the matched representation comparison.

As shown in Table  B.17, the effect of adding INR-derived fea-
tures to biomechanical descriptors varied across architectures. The 
highest performance in a single train–test split was observed for Elas-
ticNet_BiomechPlus_ResMLP (𝑅2 = 0.841). However, this im-
provement was not consistently reflected in cross-validation results, 
where the highest mean performance was achieved by Elastic-
Net_BiomechPlus_MLP_Deep (CV mean 𝑅2 = 0.786).

Importantly, this performance was comparable to the biomechanical 
baseline without INR features (CV mean 𝑅2 = 0.785), indicating that 
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Table A.10
Overview of the implicit neural representation (INR) architectures and shared training configuration used in the study.
 Architecture Input representation Core mechanism Output Main purpose in study  
 MLP (Shallow) Normalized 

gait-cycle coordinate
Fully connected feedforward 
network

Continuous 
waveform value

Baseline implicit waveform 
approximation

 

 MLP (Deep) Normalized 
gait-cycle coordinate

Deeper fully connected 
network

Continuous 
waveform value

Higher-capacity implicit 
representation

 

 ResMLP Normalized 
gait-cycle coordinate

Residual fully connected 
blocks

Continuous 
waveform value

Improved optimization stability 
and representational depth

 

 SIREN Normalized 
gait-cycle coordinate

Sinusoidal activations Continuous 
waveform value

Frequency-sensitive implicit 
representation

 

 Fourier MLP Fourier-encoded 
coordinate input

Frequency-enhanced 
coordinate embedding + MLP

Continuous 
waveform value

Improved representation of 
oscillatory waveform structure

 

Table A.11
Shared training and evaluation settings for INR waveform modeling.
 Parameter Setting  
 Input domain Time-normalized gait-cycle coordinate (0 to 1)  
 Prediction target Scalar waveform value at each normalized coordinate  
 Waveform granularity 100% gait cycle representation  
 Training objective Waveform reconstruction  
 Primary reconstruction metrics 𝑅2, RMSE, MAE  
 Architecture families compared MLP, Deep MLP, ResMLP, SIREN, Fourier MLP  
 Feature extraction outputs Shape, latent, derivative, energy/AUC, reconstruction-error, side-specific, bilateral-asymmetry, and signal-specific feature subsets 
 Downstream tasks Chronological-age regression and exploratory three-class age-group classification (4–7, 8–12, and 13–18 years)  
 Comparative baseline Conventional handcrafted biomechanical waveform descriptors  
 Evaluation design Held-out testing and/or repeated cross-validation, depending on task  
Table A.12
Representative implementation parameters for the architectures used in the exploratory architecture benchmark. The Fourier MLP row refers to the higher-capacity 
exploratory variant with three 64-unit hidden layers and should not be confused with the compact Fourier-MLP protocol used in the matched PCA–INR benchmark. 
The compact protocol is described separately in Appendix  A.3.
 Architecture Hidden layers Hidden units Latent dim Activation Coordinate encoding Notes  
 MLP (Shallow) 3 32–8–32 8 tanh None Shallow-MLP protocol  
 MLP (Deep) 4 64 12 tanh None Increased depth  
 ResMLP 4 64 12 tanh None Residual connections  
 SIREN 3 64 12 sine None Periodic activations, 𝜔0 = 30.0 
 Fourier MLP (higher-capacity) 3 64 12 ReLU Fourier features Fourier dim = 16, 𝜎 = 8.0  
Table A.13
Architecture-specific optimization settings used in the exploratory INR ar-
chitecture benchmark. The Fourier MLP settings in this table refer to the 
higher-capacity exploratory variant. The compact Fourier-MLP protocol used 
in the matched PCA–INR benchmark followed a separate training configuration 
described in Appendix  A.3.
 Architecture Epochs Batch 

size
Patience Learning

rate
 

 MLP (Shallow) 500 32 40 1 × 10−3  
 MLP Deep 500 32 40 1 × 10−3  
 Fourier MLP (higher-capacity) 500 32 40 1 × 10−3  
 SIREN 600 32 50 5 × 10−4  
 ResMLP 500 32 40 1 × 10−3  

the inclusion of INR-derived features did not result in a consistent 
improvement in generalization performance. The discrepancy between 
single-split and cross-validated results suggests that isolated perfor-
mance gains may be sensitive to data partitioning and should therefore 
be interpreted cautiously.
12 
Appendix C. Matched PCA–INR benchmark and reconstruction di-
agnostics

The matched waveform-level benchmark included 73 participants 
with conventional biomechanical descriptors, raw-waveform PCA fea-
tures, and INR-derived features. The source waveform inventory com-
prised 128 waveform labels and 256 possible signal–side combinations. 
Across the 73 participants, 18,542 participant-level signal–side trajec-
tories were available, each represented by 101 normalized gait-cycle 
samples. This yielded

18,542 × 101 = 1,872,742

observed waveform values. The nominal inventory comprised

73 × 256 = 18,688

possible participant-signal–side trajectories. Therefore, 146 complete 
trajectories were unavailable in the source data. The fold-wise PCA 
representation contained 30 components and retained 0.899 ± 0.017 
of the waveform variance, with fold-level values ranging from 0.861 
to 0.913. All folds reached the predefined 30-component cap; thus, the 
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Table B.14
Chronological-age regression results for signal-specific and leave-one-signal-out INR feature subsets. Values are 
means ± standard deviations across ten complete repeat-level out-of-fold evaluations.
 Signal subset Features 𝑅2 RMSE [years] MAE [years]  
 All five selected signals 1070 0.645 ± 0.024 2.369 ± 0.082 1.943 ± 0.061 
 All except ankle moment 856 0.535 ± 0.029 2.711 ± 0.084 2.317 ± 0.086 
 All except hip moment 856 0.557 ± 0.038 2.644 ± 0.114 2.179 ± 0.098 
 All except knee flexion/extension 856 0.653 ± 0.030 2.339 ± 0.100 1.913 ± 0.082 
 All except hamstring length 856 0.616 ± 0.027 2.462 ± 0.089 1.982 ± 0.070 
 All except pelvic tilt 856 0.635 ± 0.026 2.402 ± 0.084 1.934 ± 0.088 
 Ankle moment only 214 0.514 ± 0.066 2.768 ± 0.181 2.210 ± 0.130 
 Hip moment only 214 0.411 ± 0.057 3.050 ± 0.149 2.502 ± 0.126 
 Knee flexion/extension only 214 0.247 ± 0.041 3.449 ± 0.093 2.886 ± 0.095 
 Hamstring length only 214 0.216 ± 0.047 3.519 ± 0.104 3.041 ± 0.087 
 Pelvic tilt only 214 0.038 ± 0.088 3.897 ± 0.172 3.353 ± 0.110 
Table B.15
Exploratory three-class age-group classification performance of signal-specific and leave-one-signal-out INR feature subsets. The 
classes were defined as 4–7, 8–12, and 13–18 years. Values are means ± standard deviations across ten complete repeat-level 
out-of-fold evaluations.
 Signal subset Features Balanced acc. Macro-F1 Weighted F1 ROC AUC  
 All five selected signals 1070 0.746 ± 0.029 0.728 ± 0.027 0.721 ± 0.027 0.859 ± 0.021 
 All except ankle moment 856 0.682 ± 0.026 0.669 ± 0.025 0.661 ± 0.026 0.831 ± 0.026 
 All except hip moment 856 0.712 ± 0.024 0.694 ± 0.030 0.691 ± 0.030 0.850 ± 0.019 
 All except knee flexion/extension 856 0.705 ± 0.021 0.675 ± 0.029 0.664 ± 0.028 0.845 ± 0.013 
 All except hamstring length 856 0.724 ± 0.028 0.704 ± 0.028 0.696 ± 0.029 0.850 ± 0.018 
 All except pelvic tilt 856 0.736 ± 0.039 0.713 ± 0.043 0.709 ± 0.043 0.865 ± 0.024 
 Ankle moment only 214 0.666 ± 0.043 0.642 ± 0.038 0.640 ± 0.038 0.820 ± 0.038 
 Hip moment only 214 0.526 ± 0.037 0.491 ± 0.041 0.481 ± 0.042 0.693 ± 0.034 
 Knee flexion/extension only 214 0.573 ± 0.037 0.561 ± 0.039 0.563 ± 0.040 0.724 ± 0.021 
 Hamstring length only 214 0.533 ± 0.035 0.509 ± 0.037 0.501 ± 0.036 0.683 ± 0.027 
 Pelvic tilt only 214 0.484 ± 0.043 0.469 ± 0.044 0.466 ± 0.045 0.636 ± 0.035 
Table B.16
Exploratory three-class age-group classification results for INR descriptor families. The classes were defined as 4–7, 8–12, and 
13–18 years. Values are means ± standard deviations across ten complete repeat-level out-of-fold evaluations.
 Descriptor subset Features Balanced acc. Macro-F1 Weighted F1 ROC AUC  
 All descriptor families 1070 0.746 ± 0.029 0.728 ± 0.027 0.721 ± 0.027 0.859 ± 0.021 
 Shape only 250 0.697 ± 0.050 0.680 ± 0.053 0.672 ± 0.055 0.847 ± 0.030 
 Latent only 520 0.491 ± 0.044 0.492 ± 0.043 0.495 ± 0.043 0.655 ± 0.041 
 Derivative only 60 0.651 ± 0.034 0.634 ± 0.037 0.620 ± 0.038 0.776 ± 0.026 
 Energy/AUC only 120 0.702 ± 0.030 0.673 ± 0.028 0.666 ± 0.029 0.807 ± 0.028 
 Reconstruction error only 120 0.384 ± 0.017 0.384 ± 0.018 0.383 ± 0.025 0.550 ± 0.022 
Table B.17
Elastic Net age regression with biomechanical descriptors and selected INR architectures. The 
Fourier MLP in this table refers to the higher-capacity exploratory architecture (three hidden 
layers, 64 units; Table  A.12), not the compact Fourier-MLP protocol used in the matched PCA–
INR benchmark.
 Model Features 𝑅2 RMSE MAE CV mean 𝑅2 
 Biomechanics + MLP (Deep) 1751 0.792 1.839 1.464 0.786  
 Biomechanics only 681 0.809 1.761 1.449 0.785  
 Biomechanics + ResMLP 1751 0.841 1.607 1.375 0.776  
 Biomechanics + SIREN 1751 0.825 1.684 1.410 0.762  
 Biomechanics + Fourier MLP 1751 0.821 1.704 1.358 0.745  
 Biomechanics + MLP (Shallow) 1591 0.802 1.791 1.458 0.628  
constrained PCA representation preserved most, but not 95%, of the 
raw-waveform variance. 
C.1. Matched waveform-level dataset

See Table  C.18.

C.2. Original shallow-MLP reconstruction and Fourier-MLP diagnostic ex-
amples

Table  C.19 reports shallow-MLP reconstruction performance.
Representative original waveforms and their reconstructions ob-

tained using the compact Fourier-MLP protocol are shown in Fig.  C.3. 
13 
The displayed pelvic-tilt and knee-flexion trajectories were approxi-
mated with 𝑅2 values close to one. These examples demonstrate the 
high in-sample approximation capacity of the Fourier-encoded model 
at the coordinates used for fitting.

C.3. Paired statistical comparisons

See Tables  C.20 and C.21.
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Fig. C.3. Representative examples of original gait waveforms and their reconstructions obtained using the compact Fourier-MLP protocol. The pelvic-tilt and 
knee-flexion trajectories were approximated with 𝑅2 values close to one at the 101 gait-cycle coordinates used for model fitting. The figure therefore illustrates 
high in-sample approximation fidelity rather than performance at independently held-out coordinates.
Table C.18
Matched waveform-level data used in the PCA–INR representation analysis.
 Quantity Value  
 Participants in the full cohort 78  
 Participants in the matched representation benchmark 73  
 Distinct waveform labels 128  
 Possible signal–side combinations 256  
 Possible participant–signal–side trajectories 18,688  
 Observed participant–signal–side trajectories 18,542  
 Unavailable participant–signal–side trajectories 146  
 Observed waveform values 1,872,742  
 PCA components retained per fold 30  
 Mean explained waveform variance 0.899 ± 0.017 
 Range of explained waveform variance 0.861–0.913  

C.4. Relationship between INR reconstruction fidelity and developmental 
prediction

Participant-level reconstruction quality from the compact Fourier-
MLP model was correlated with absolute chronological age-prediction 
error. All associations were weak and statistically non-significant. For 
example, mean reconstruction 𝑅2 was not significantly associated with 
prediction error for either the biomechanical+INR model (𝜌 = −0.050, 
𝑝 = 0.676) or the INR-only model (𝜌 = −0.142, 𝑝 = 0.230).

However, the Fourier-MLP reconstruction 𝑅2 values exhibited se-
vere range restriction. Across participants, mean participant-level re-
construction 𝑅2 was 0.999978, with a standard deviation of 0.000015, 
14 
Table C.19
Reconstruction performance of the original shallow-MLP INR baseline for the 
five selected gait waveforms. The model used three tanh-activated hidden 
layers of sizes 32–8–32 and was fitted directly to waveform amplitudes without 
per–curve target standardization. Values are means across 73 participants.
 Signal Side Mean 

𝑅2
Mean 
RMSE

Mean 
MAE

 

 Ankle dorsiflexion/plantarflexion moment Left 0.815 0.138 0.112 
 Hip adduction–abduction moment Left 0.745 0.112 0.089 
 Ankle dorsiflexion/plantarflexion moment Right 0.743 0.162 0.132 
 Hip adduction–abduction moment Right 0.739 0.112 0.089 
 Knee flexion–extension Left 0.532 11.643 8.734 
 Knee flexion–extension Right 0.508 12.101 9.017 
 Hamstring length Left 0.368 0.020 0.016 
 Hamstring length Right 0.365 0.020 0.016 
 Pelvic tilt Right 0.100 0.760 0.640 
 Pelvic tilt Left 0.074 0.772 0.648 

an interquartile range of 0.000008, and a total range of 0.000117. Con-
sequently, the absence of a significant correlation should be interpreted 
as a descriptive auxiliary result rather than strong evidence of statisti-
cal independence between reconstruction fidelity and developmental 
relevance (see Fig.  C.4 and Table  C.23). 
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Table C.20
Selected repeat-level paired statistical comparisons for chronological age regression. Differences are calculated as 
comparator minus biomechanical baseline. Wilcoxon signed-rank tests were applied to ten paired cross-validation repeat 
means. Holm adjustment was performed across twelve planned comparisons within the regression task.
 Comparator Metric Mean difference 95% CI 𝑝raw 𝑝Holm 𝑑𝑧
 Biomechanics + PCA 𝑅2 +0.0051 [0.0001, 0.0131] 0.1309 0.7852 0.440 
 Biomechanics + PCA RMSE −0.0208 [−0.0550, 0.0016] 0.1602 0.8008 −0.415 
 Biomechanics + PCA MAE −0.0099 [−0.0329, 0.0071] 0.6250 1.0000 −0.284 
 Biomechanics + INR 𝑅2 −0.0039 [−0.0138, 0.0077] 0.4316 1.0000 −0.209 
 Biomechanics + INR RMSE +0.0240 [−0.0267, 0.0688] 0.3750 1.0000 0.291 
 Biomechanics + INR MAE +0.0078 [−0.0515, 0.0569] 0.6953 1.0000 0.084 
 INR only 𝑅2 −0.6899 [−0.8161, −0.5699] 0.0020 0.0234 −3.235 
 Raw-waveform PCA only 𝑅2 −1.3545 [−1.7542, −1.0001] 0.0020 0.0234 −2.142 
Table C.21
Selected repeat-level paired statistical comparisons for exploratory three-class age-group classification (4–7, 8–12, and 13–18 
years). Differences are calculated as comparator minus the biomechanical baseline. Wilcoxon signed-rank tests were applied to ten 
paired cross-validation repeat means. Holm adjustment was performed across twelve planned comparisons within the classification 
task.
 Comparator Metric Mean difference 95% CI 𝑝raw 𝑝Holm 𝑑𝑧  
 Biomechanics + PCA Balanced accuracy −0.0134 [−0.0279, −0.0004] 0.1282 0.2575 −0.565 
 Biomechanics + PCA Macro-F1 −0.0161 [−0.0309, −0.0018] 0.0858 0.2575 −0.654 
 Biomechanics + PCA ROC AUC −0.0044 [−0.0099, 0.0013] 0.2754 0.2754 −0.458 
 Biomechanics + INR Balanced accuracy −0.0304 [−0.0426, −0.0178] 0.0077 0.0307 −1.446 
 Biomechanics + INR Macro-F1 −0.0347 [−0.0485, −0.0205] 0.0020 0.0234 −1.469 
 Biomechanics + INR ROC AUC −0.0134 [−0.0175, −0.0091] 0.0039 0.0234 −1.887 
 INR only Balanced accuracy −0.1498 [−0.1737, −0.1260] 0.0020 0.0234 −3.666 
 Raw-waveform PCA only Balanced accuracy −0.2456 [−0.2744, −0.2147] 0.0020 0.0234 −4.826 
Table C.22
Spearman correlations between participant-level INR reconstruction quality 
and absolute chronological age-prediction error.
 Prediction model Reconstruction metric Spearman 𝜌 𝑝  
 Biomechanics + INR Mean reconstruction 𝑅2 −0.050 0.676 
 Biomechanics + INR Mean reconstruction RMSE −0.043 0.717 
 Biomechanics + INR Mean reconstruction MAE −0.084 0.481 
 INR only Mean reconstruction 𝑅2 −0.142 0.230 
 INR only Mean reconstruction RMSE 0.136 0.250 
 INR only Mean reconstruction MAE 0.112 0.345 
 PCA + INR Mean reconstruction 𝑅2 −0.132 0.264 
 PCA + INR Mean reconstruction RMSE 0.129 0.277 
 PCA + INR Mean reconstruction MAE 0.110 0.356 

C.5. Morphological preservation and INR convergence diagnostics

To address whether INR fitting may smooth or attenuate individual-
specific waveform characteristics, we compared original and recon-
structed waveforms using amplitude-, timing-, and derivative-based de-
scriptors. Global amplitude-related quantities were generally preserved 
with small absolute errors, particularly for ankle and hip moment 
trajectories. However, local dynamical quantities, including derivative 
energy and extrema count, were more sensitive to reconstruction. This 
indicates that INR reconstructions can preserve the global waveform 
envelope while still smoothing or altering local morphological details. 
This effect was most apparent for knee flexion–extension trajectories 
in terms of derivative-energy error, whereas the largest extrema-count 
discrepancies occurred for ankle moment trajectories.

The reconstruction values in this subsection were obtained with 
the compact Fourier-MLP model Appendix  A.3, not the shallow-MLP 
protocol of Table  C.19. The analysis covered the same five waveform 
classes and two sides for 73 participants, giving 73× 5× 2 = 730 fitted 
curves.

Convergence diagnostics for the compact Fourier-MLP model are 
summarized in Table  C.24. The model achieved a mean per-curve 
reconstruction 𝑅2 of 0.999978 across 730 fitted curves, with a median 
15 
Fig. C.4. Relationship between participant-level reconstruction quality from 
the compact Fourier-MLP model and absolute chronological age-prediction 
error. Reconstruction 𝑅2 values were strongly concentrated near one, resulting 
in substantial range restriction along the horizontal axis. The weak visual 
association is consistent with the non-significant Spearman correlations in 
Table  C.22, but should be interpreted descriptively because of the restricted 
reconstruction range.

value close to one. Final and minimum training losses were also con-
sistently low. Most fits reached the maximum epoch limit rather than 
satisfying the early-stopping criterion.

These results show that the limited downstream utility of the 
Fourier-MLP-derived features cannot be attributed primarily to an 
inability to approximate the sampled waveforms.
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Table C.23
Selected morphology-preservation errors between original and INR-reconstructed waveforms. Values are mean absolute errors across 
subjects.
 Signal Side ROM error Peak-timing error 𝑡max Derivative-energy error Extrema-count error
 Ankle dorsiflexion/plantarflexion moment L 0.0015 0.0016 0.0195 9.12 
 Ankle dorsiflexion/plantarflexion moment R 0.0017 0.0012 0.0214 10.36 
 Hip adduction/abduction moment L 0.0017 0.0056 0.0171 1.78 
 Hip adduction/abduction moment R 0.0015 0.0010 0.0197 1.77 
 Hamstring length L 0.0002 0.0015 0.0003 1.05 
 Hamstring length R 0.0002 0.0286 0.0003 1.23 
 Knee flexion–extension L 0.0918 0.0018 48.1380 1.07 
 Knee flexion–extension R 0.0738 0.0018 39.1226 1.14 
 Pelvic tilt L 0.0066 0.0011 0.4633 0.25 
 Pelvic tilt R 0.0091 0.0011 0.6583 0.78 
Table C.24
In-sample convergence and reconstruction diagnostics for the compact Fourier-MLP model used in the matched PCA–INR benchmark. 
The model used 48–16 ReLU-activated hidden layers, per-curve target standardization, a maximum of 350 epochs, and an early-stopping 
patience of 30 epochs.
 Architecture Curves Mean epochs Final loss Min. loss Recon. 𝑅2 Recon. RMSE 
 Compact Fourier MLP (48–16) 730 349.94 2.4 × 10−5 2.2 × 10−5 0.999978 0.014844  
Data availability

The data that has been used is confidential.
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