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Abstract—Instrumented footwear represents a promising tech-
nology for spatiotemporal gait analysis in out-of-the-lab con-
ditions. However, moderate accuracy impacts this technology’s
ability to capture subtle, but clinically meaningful, changes in
gait patterns that may indicate adverse outcomes or under-
lying neurological conditions. This limitation hampers the use
of instrumented footwear to aid functional assessments and
clinical decision making. This paper introduces new transductive-
learning inference models that substantially reduce measurement
errors relative to conventional data processing techniques, with-
out requiring subject-specific labelled data. The proposed models
use subject-optimized input features and hyperparameters to
adjust the spatiotemporal gait metrics (i.e., stride time, length,
and velocity, swing time, and double support time) obtained with
conventional techniques, resulting in computationally simpler
models compared to end-to-end machine learning approaches.
Model validity and reliability were evaluated against a gold-
standard electronic walkway during a clinical gait performance
test (6-minute walk test) administered to N=95 senior residents
of assisted living facilities with diverse levels of gait and balance
impairments. Average reductions in absolute errors relative to
conventional techniques were −42.0% and −33.5% for spatial
and gait-phase parameters, respectively, indicating the potential
of transductive learning models for improving the accuracy of
instrumented footwear for ambulatory gait analysis.

Index Terms—Ambulatory Gait Analysis, Transductive Learn-
ing, Support Vector Regression, Wearable Technology, Instru-
mented Footwear.

I. INTRODUCTION

Spatiotemporal gait analysis can aid the diagnosis of neu-
rological disorders in the elderly [1] and help identify frail
individuals [2] and those at increased risk of falls [3], thereby
informing more timely and effective treatment plans [4].
However, expensive laboratory equipment and the need for
expert operation hamper the widespread use of gait analysis
in clinical settings. Instrumented footwear such as smart shoes
[5]–[8], insoles [9], [10], and on-shoe sensors [11], [12],
have the potential to provide a low-cost scalable solution
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for gait analysis in unconstrained environments. However,
these devices have so far demonstrated moderate validity and
reliability in capturing spatiotemporal gait parameters in pop-
ulations with gait impairments [13], [14]. Moderate accuracy
makes it difficult to detect subtle changes in gait patterns
that may be indicative of underlying neurological conditions.
Moreover, moderate levels of agreement with gold-standard
instrumentation preclude meaningful comparisons with the
vast body of published normative gait data [15].

The computation of temporal and gait-phase parameters
from raw time-series is typically achieved using force sensitive
resistors (FSR) [16] or foot-attached inertial measurement
units (IMUs) [13]. Estimating spatial gait parameters is more
challenging. In principle, these metrics can be obtained by
double integrating the accelerometric signals after compensat-
ing for gravity. However, this method is hardly accurate due to
sensors noise and low-frequency drift. To mitigate the effect
of sensor drift, a widely used approach relies on zero velocity
update (ZUPT) and velocity drift compensation (VDC). ZUPT
re-initializes the integration process after each gait cycle by
setting the velocity of the foot to be zero every time the foot
is stationary on the ground (foot-flat phase, FF [17]). VDC
models the velocity drift between two consecutive FF phases
using linear [13], [18] or nonlinear [11] models. The estimated
drift is then subtracted from the velocity signal. The possibility
to apply ZUPT and VDC represents a key advantage of foot-
attached inertial sensors over their trunk- and wrist-attached
conterparts [19]. However, ZUPT and VDC are not always
effective with pathological gait, wherein stationary FF phases
might not be easily detectable [13], [20].

To overcome the limitations of ZUPT and VDC, some
researchers have investigated the application of classical ma-
chine learning (ML) regression models, such as Gaussian
process regression (GPR) [21] and support vector regression
(SVR) [22]. In these studies, an inference model is trained,
which maps walking-related inertial features extracted from
fixed-duration epochs to a target spatiotemporal gait metric
(e.g., walking speed). Although these regression models are
not affected by integration error accumulation, they cannot es-
timate walking speed with stride-by-stride granularity (i.e., the
standard for spatiotemporal gait analysis) and their accuracy
is heavily affected by the choice of hyperparameters and input
features. Therefore, in these approaches grid search or random
search with cross-validation are often required to appropriately
tune the hyperparameters and select the optimal input features
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[23].
Other authors have proposed the use of learning-based

end-to-end inference models. Leveraging the vast expressive
power of deep-learning methods, these models directly take
the raw time-series from inertial sensors as inputs to estimate
a target gait parameter and therefore they are not affected
by the drawbacks of ZUPT and VDC. For example, to
measure stride length, Xing and co-workers used artificial
neural networks (ANNs) [24], Hannink et al. applied deep
convolutional neural networks (DCNNs) [20], while Wang and
colleagues proposed the use of DCNNs and deep recurrent
neural networks (DRNNs) [25]. End-to-end subject-specific
models, in which training and testing data originate from
the same individual, are typically accurate. However, due to
inter-subject differences, the performances of these methods
is significantly degraded when subject-specific labelled obser-
vations are not available during training [26]. Additionally,
training deep-learning models typically requires larger datasets
compared to classical machine learning models [26].

Collecting labelled data from each user is often unpractical
and expensive in behavioral and biomedical research, since it
requires tedious manual procedures or the use of specialized
laboratory instrumentation as ground truth. One solution is of-
fered by the transfer learning paradigm [27]. Transfer learning
deals with the problem of domain adaptation, i.e., altering an
inference model previously learned in a source domain to fit
a new target domain for which limited or no labelled training
data are available. In the context of wearable sensing devices,
the target domain may represent a new user with different
anthropometric attributes or different body sensor placements.
Transfer learning approaches have been successfully applied to
activity classification problems [27] and, to a lesser extent, also
to predict continuous biomechanical variables [28]. However,
the performances of a transfer learning model are greatly
affected by the availability of labelled data from the target
domain [29]. An alternative approach that does not suffer
from this limitation is the transductive learning paradigm [30].
Unlike traditional (inductive) learning, transductive learning
exploits knowledge about the location of the unlabelled test
data with respect to the training data to provide direct inference
on the test data, thereby trading model generalizability for
improved performances [31]. This approach has great potential
for use with connected wearables, given the growing avail-
ability of affordable cloud storage and computing services
where previously collected labelled data can be used to train
transductive models on demand. While transductive learning
models have been proven to be effective in both classification
[32], [33] and regression [34]–[36] problems, none of these
past studies has investigated the application of transductive
learning methods to ambulatory gait analysis.

Building upon our previous works on SVR models for
ambulatory gait analysis [37]–[40], this paper introduces the
following new contributions: (i) a novel transductive learning
framework to improve validity and reliability of instrumented
footwear in estimating spatiotemporal gait parameters, without
the need for subject-specific labelled data; (ii) the validation
of the proposed method against gold-standard instrumentation,
in relation to conventional data processing techniques and to

Fig. 1. Instrumented footwear used in this study [41].

Table I. Subject Information
N = 95

Age, years (SD) 84.7 (8.1)
Sex

Male, n (%) 28 (29.5%)
Female, n (%) 67 (70.5%)

Height, cm (SD) 163.7 (9.1)
Weight, kg (SD) 67.3 (16.8)
6MWT, m (SD) 230.4 (84.1)
TUG, s (SD) 21.8 (13.4)

Risk of falling (≥12.0 s [42]) 80.0%
Gait speed, cm/s (SD) 69.5 (25.0)

Normal (≥ 100 cm/s [43]) 11.6%
Risk for adverse events (60-80 cm/s [44]) 32.6%
Impaired individuals (<60 cm/s [44]) 34.7%

Walking conditions
Non-assisted, n (%) 44 (46.3%)
Cane, n (%) 10 (10.5%)
Walker, n (%) 41 (43.2%)

our previous SVR models, with a cohort of elderly residents
of assisted living facilities; (iii) a study of the sensitivity of
the proposed transductive models to different levels of gait im-
pairment (as measured by a standardized clinical assessment)
and to the use of mobility aids; and (iv) a feature analysis for
the proposed models.

The rest of the paper is organized as follows. Section II
illustrates the experimental protocol. Section III introduces
the transductive learning framework for SVR models, and
Section IV describes the approach for data analysis. Results
are presented in Section V and discussed in Section VI.
Concluding remarks are reported in Section VII.

II. EXPERIMENTAL PROTOCOL

Ninety-five seniors age 65 and older were recruited from
five long-term care (LCT) facilities in the New York metropoli-
tan area. Wearing instrumented footwear of appropriate size
(Fig. 1), each participant completed the 6-minute Walk Test
(6MWT) and the Timed Up And Go (TUG) test under the
supervision of a physical therapist. Both assessments took
place in the LCT facility where the participant lived. The
instrumented footwear is a research prototype developed in the
Columbia University Robotics and Rehabilitation Laboratory
[41]. During the 6MWT, raw time-series acquired from an
IMU and four FSRs embedded in each footwear were logged
at 500 Hz. A 6-meter electronic walkway (Zeno Walkway,
Protokinetics LLC, Havertown, PA, US) located in the middle
of a 25-meter long course served as the gold-standard system
for validating the inference models. The two systems were
synchronized using a custom-engineered wireless board. De-
scriptive characteristics of the study participants are reported
in Table I. The experimental protocol was approved by the
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Fig. 2. Proposed transductive learning framework for a chosen gait parameter.
Xtr and Xte represent the training dataset and the test dataset, respectively.
Xte is obtained from the selected target user (i.e., a particular iteration of the
leave-one-out cross-validation (LOOCV) loop), for whom the individualized
SVR model is being trained. Xtr is extracted from the other N −1 subjects.
The best subset of input features Iopt and the best hyperparameters Hopt

for the individualized SVR model are estimated by a genetic algorithm
(GA), using a subgroup of individuals whose input features are the most
similar to the target user, according to a normalized kernel distance D.
Accuracy (mean absolute error, MAE) and precision (standard deviation, SD)
of the individualized SVR model relative to the gait measurements obtained
with gold-standard instrumentation (Y te) are computed for model validation
purposes. It is worth noting that Y te is only used for model validation,
therefore it is not available at train time.

Columbia University Institutional Review Board and all par-
ticipants provided informed consent.

III. METHODS

The proposed inference framework is illustrated in Fig. 2.
In line with the transductive inference paradigm [31], the
locations of the test samples in the input feature space are
exploited to improve model predictions. To this end, for each
target user (i.e., for each iteration of the leave-one-out cross-
validation (LOOCV) loop), the algorithm produces an indi-
vidualized SVR model by leveraging the input feature vector
Xte extracted from the target user. A detailed description
of the steps involved in the proposed method is reported in
Sections III-A to III-D.

A. Kernel Distance as Similarity Measure
Given a gait parameter of interest and a target user, the

procedure first identifies the subset of individuals that most

closely resemble the target user. These individuals will form
the hold-out validation subset for the feature selection step
described in Sec. III-B. To this end, the generalized distances
between the training dataset and the test dataset in the feature
space are computed as [36], [45]:
di,j = ||φ(Xtr

i (I))− φ(Xte
j (I))|| =

√
Ktr

i,i(I)− 2Ki,j +Kte
j,j (1)

di,j is the generalized distance characterizing the degree of
similarity between the i-th training instance and the j-th test
instance. Vector I contains the indices of the selected input
features, which are measured by the instrumented footwear.
Xtr(I) and Xte(I) are the vectors of the selected input fea-
tures corresponding to the training dataset and the target user,
respectively. φ (·) represents the feature mapping function,
which maps the selected subset of input features X(I) into
the high-dimensional feature space. Ktr

i,i and Kte
j,j are entries

of the kernel matrices corresponding to the training dataset
and the test dataset. K is the kernel matrix defined as

K =

k(X
tr
1 (I), Xte

1 (I)) · · · k(Xtr
1 (I), Xte

M (I))
...

. . .
...

k(Xtr
L (I), Xte

1 (I)) · · · k(Xtr
L (I), Xte

M (I))

 , (2)

where k (·) is the kernel function, and L, M are the total
number of instances in the training and the test dataset,
respectively. The normalized distance Dl between the l-th
individual in the training dataset and the target user is given
by

Dl =

∑Ns,l

i=1

∑M
j=1 di,j

Ns,l
, (3)

where Ns,l is the total number of training instances in the l-th
subject’s dataset.

B. Feature Selection and Hyperparameters Tuning
As shown in Fig. 2, an efficient heuristic optimization

method (genetic algorithm, GA [46]) determines the best
subset of input features Iopt and the best SVR hyperparameters
Hopt for the target user. The GA operates through a nested
cross-validation loop, wherein the NGA individuals that are the
most similar to the target user in terms of normalized distances
(3) form the hold-out validation subset, and the remaining
(N − 1−NGA) individuals form the training subset for an
auxiliary SVR model. The number of individuals in the
validation subset NGA, the input feature subset IGA, and the
SVR hyperparameters HGA are the optimization variables. For
each iteration of the GA, model performance (as quantified
by the mean absolute error, MAE) is evaluated for each of
the NGA individuals in the validation subset, and the average
MAE is used as the cost function for the GA. This procedure
is repeated until a stopping criterion is met.

In summary, because Iopt and Hopt maximize model accu-
racy on the group of individuals in the training dataset that
most closely resemble the target user, they are regarded as
the optimal parameters to train an individualized SVR model
based on the training dataset (Xtr(Iopt), Y

tr) consisting of
N − 1 individuals, by following the SVR procedure discussed
in Sec. III-D. It is worth noting that, since model training is
performed on the largest available dataset (as opposed to the
Nopt most similar individuals), the resulting SVR model is
less prone to overfitting.
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C. Feature Extraction

The set of candidate input features include the following
variables:

1) Spatiotemporal gait parameters: The conventional pro-
cedure to estimate spatiotemporal gait parameters using instru-
mented footwear starts from the determination of gait events.
The timing of the initial contacts (IC) events is computed
based on underfoot FSRs [16]. Toe-off (TO) events are de-
tected from IMU data using the method described in [47].
This was motivated by preliminary tests indicating that FSRs
could not accurately capture TO events in this population of
older adults. Stride time (ST) is defined as the time interval
between two consecutive ICs of the same foot. Swing time
(SW) is computed as the time interval between the TO of
the current stride and the IC of the same foot’s next stride,
and SW% is determined as the ratio between SW and the
corresponding ST. Double support time (DS) is calculated as
the time interval between the IC of the contralateral foot and
the TO of the ipsilateral foot. FSRs are used to determine
foot-flat (FF) periods. Foot displacement over consecutive FF
periods is computed by double integration of the gravity-
corrected accelerometric signals, using ZUPT and VDC as
detailed in [41]. The integration interval between consecutive
FF periods is delimited by the time instant with the lowest
acceleration magnitude within each FF period. Stride length
(SL) is calculated as the L2-norm of the displacement vector
and stride velocity (SV) is defined as the ratio between SL
and the corresponding ST.

2) Inertial Features: Inertial features are computed be-
tween two consecutive FF periods of the same foot. They
include the L2-norm of the foot acceleration (|a|), as well as
the root mean square (rms), maximum (max), sum, energy1,
and sample entropy2 of the vertical (az), anteroposterior (ax)
and mediolateral (ay) projections of the foot acceleration.

3) Anthropometric Features: Anthropometric attributes in-
clude height, weight, body mass index (BMI), shoe size, age,
gender, and type of walking assistance (i.e., walker/cane, or
no assistive device). Dummy coding was used to include
categorical features in the SVR models.

D. Support Vector Regression (SVR)

The goal of the SVR models is to reduce measurement
errors in the gait parameters obtained with the conventional
data processing techniques described in Sec. III-C1. SVR was
selected over neural networks because the former has superior
generalization accuracy and global optimization properties
[48]. SVR models estimate a gait parameter at the i-th stride
as

Ŷ tr
i = f(Xtr

i (I), β) = βTφ (Xtr
i (I)) (4)

Y tr
i is the reference value of the gait parameter at the i-th

stride measured with the gold-standard equipment and Ŷ tr
i

is the corresponding SVR estimate. Xtr
i (I) is the vector of

1Energy of a time-series is defined as the sum over the squared values of
the time series data.

2Sample entropy quantifies the degree of randomness in the time series
data.

input features (restricted to the subset of features I), measured
over the same stride. The weights vector β is determined
by numerically solving the constrained convex optimization
problem

min
||β||2

2
+ C

L∑
i=1

(ξi + ξ∗i ) (5)

subject to
Y tr
i − βTφ

(
Xtr

i (I)
)
≤ ε+ ξ∗i , i = 1, ..., L

βTφ
(
Xtr

i (I)
)
− Y tr

i ≤ ε+ ξi, i = 1, ..., L

ξi, ξ
∗
i ≥ 0, i = 1, ..., L

(6)

where ε and C are the SVR hyperparameters. The former
is a user-defined tolerance, the latter determines the trade-
off between the flatness of f (X(I), β) and the extent to
which deviations larger than ε are penalized. ξ and ξ∗ are
slack variables, bounding regression errors that are tolerated.
Based on our previous work [37]–[39], Gaussian radial basis
function (RBF) was selected as the type of kernel function,
and the sets of candidate values for the hyperparameters
were restricted to the following: C ∈ [1 2 5 10 100], ε ∈
[0.1 0.2 0.5 0.8 1 1.2 1.5 2 2.5 3].

E. Data Processing Methods

To highlight the advantages of the proposed transductive
models in estimating stride-by-stride spatiotemporal gait met-
rics, relative to the conventional data processing procedure and
relative to our previous work [39], we compared validity and
reliability of the following methods:

1) Conventional method (CONV): This is the conventional
data processing procedure described in Sec. III-C1. This
method, unlike the following ones, does not rely on inference
models and therefore it does not require training. The CONV
method was included in the analysis to verify whether the
complexity of SVR models is well-justified by improvements
in accuracy and precision.

2) Subject-Specific SVR models (SS): With the SS method,
SVR models are trained independently for each subject, using
that subject’s labelled data. For a given set of input features,
this method yields the best performance that can be obtained
using SVR. However, since subject-specific labelled data are
required for each individual, the method has limited practical
applicability. Each model is evaluated using 10-fold cross-
validation. Within each fold, feature selection and hyperpa-
rameters optimization is achieved using GA, via a nested 9-
fold cross-validation procedure wherein the cost function is
the average MAE across the 9 folds [39].

3) Generic SVR models (GN): This method generates one-
size-fits-all models using LOOCV [39]. Within each training
dataset (i.e., data from (N-1) individuals), feature selection
and hyperparameters optimization is achieved using GA, via
a nested 10-fold cross-validation procedure similar to the one
used for SS, in which the cost function is the average MAE
across the 10 folds.

4) Transductive SVR models (TR): This method represents
the main contribution of this paper. It generates individualized
models using an optimized subset of labelled data taken from
other individuals, as described in Sec. III-A and Sec. III-B.
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IV. DATA ANALYSIS

A. Statistical Analysis

For each gait parameter, we assessed the interrater reliability
of each data processing method relative to the ground-truth
system using intraclass correlation coefficients (ICC), by em-
ploying a single-measurement, absolute-agreement, two-way
mixed-effects model. Point estimates of the ICC were rated as
poor (< 0.5), moderate (0.5 to 0.75), good (0.75 to 0.9), and
excellent (0.9 to 1) [49].

Validity of the data processing methods was evaluated by
calculating the MAE and the standard deviation of the errors
(SD) for each gait parameter relative to the ground-truth
values. MAE and SD were regarded as metrics of accuracy
and precision, respectively, since they are widely used in the
validation of wearable sensors [11], [13]–[15], [20], [21], [26],
[50]. We applied repeated-measures ANOVA with processing
method (CONV, SS, GN, TR) as within-subject factor, walk-
ing condition (non-assisted vs. assisted walking) as between-
subject factor, and MAE and SD of the five gait parameters
as dependent variables. Study participants who used a walker
or a cane to perform the 6MWT were included in the assisted
walking group. Mauchly’s test was applied to check sphericity,
and the Huynh-Feldt correction was applied if Mauchly’s test
indicated that the assumption of sphericity had been violated.
When significant (α < 0.05) effects were identified, post-
hoc comparisons using the Bonferroni-Holm correction were
applied as appropriate.

The level of accuracy of inertial sensors for ambulatory gait
analysis typically degrades when those sensors are applied
to clinical populations with motor deficits. Thus, Spearman’s
correlation analysis was carried out separately for each gait
parameter to assess the effect of gait and balance impairment
on the accuracy of the four data processing methods. The TUG
score was selected as a surrogate metric for gait and balance
impairment [51], and percentage MAE values were regarded as
representative of model accuracy, to account for inter-subject
biometric differences. The strength of the correlation was
interpreted as negligible (|ρ| < 0.3), low (0.3 ≤ |ρ| < 0.5),
moderate (0.5 ≤ |ρ| < 0.7), high (0.7 ≤ |ρ| < 0.9), or very
high (0.9 ≤ |ρ| < 1.0) [52]. All statistical analysis was carried
out in SPSS v28 (IBM Corporation, Armonk, NY).

B. Feature Analysis

For each gait parameter, we determined the permutation
feature importance PFIl,i, which yields the importance of the
l-th input feature as related to the measurement errors of the
TR model tailored to the i-th target user [53], [54]:

PFIl,i =
MAEperm

l,i

MAEorig
i

(7)

MAEorig
i is the original MAE of the i-th TR model for a

given gait parameter, while MAEperm
l,i is the MAE obtained

by randomly permuting the l-th input feature within Xte, and
feeding the altered input vector to the same TR model. The
PFIl,i values are averaged across all subjects for whom the l-
th input feature is included in Iopt, resulting in a single scalar
metric per each gait parameter. Because this procedure would

Table II. Interclass correlation coefficients for the four processing methods.
Values between parentheses indicate 95% CI.

CONV GN TR SS
SL .98 (.86-.99) .99 (.98-.99) 1.00 (.99-1.00) 1.00 (1.00-1.00)
SV .99 (.93-.1.00) .99 (.99-.99) 1.00 (1.00-1.00) 1.00 (1.00-1.00)
ST 1.00 (1.00-1.00) 1.00 (1.00-1.00) 1.00 (1.00-1.00) 1.00 (1.00-1.00)
SW .84 (.77-.89) .90 (.86-.93) .94 (.90-.96) 1.00 (1.00-1.00)
DS .89 (.84-.93) .94 (.91-.96) .96 (.94-.98) 1.00 (1.00-1.00)

Table III. Accuracy (MAE) and precision (SD) of the estimated gait
parameters (pooled data, including both assisted and non-assisted walking

conditions)
CONV GN TR SS

MAE SD MAE SD MAE SD MAE SD
SL [cm] 5.87 5.90 4.01 3.58 3.36 3.80 2.60 3.53
SV [cm/s] 4.81 4.80 3.38 2.97 2.79 3.14 2.18 2.96
ST [ms] 16.66 24.04 18.74 24.22 17.31 24.17 18.15 25.39
SW [ms] 31.58 24.73 25.11 23.07 20.99 22.50 14.46 20.33
DS [ms] 32.60 26.69 26.00 22.50 21.63 22.64 15.21 21.01

Table IV. p-values of the two-way repeated-measures ANOVA
(PM=processing method, WC=walking condition).

MAE SD
PM WC PM*WC PM WC PM*WC

SL <0.001 ns ns <0.001 ns ns
SV <0.001 ns ns <0.001 ns ns
ST <0.001 <0.001 ns <0.05 <0.001 ns
SW <0.001 <0.001 <0.05 <0.001 <0.001 <0.001
DS <0.001 <0.001 <0.05 <0.001 <0.001 <0.01

not be applicable to the anthropometric features (since they
remain the same for any given target user), the following mod-
ified equation was used in place of (7) for all anthropometric
features

P̃FIl,i = 1
Nl

∑Nl
n=1 MAEn

l,i

MAEorig
i

, (8)

where Nl is the number of possible values that the l-th feature
can take (e.g., if l indicates sex, then Nl = 2) and MAEn

l,i was
computed by setting the l-th feature in Xte to its n-th value.

V. RESULTS

A total of 9253 strides were collected simultaneously by
the instrumented footwear and by the reference system. The
number of strides per individual varied from 42 to 159
(97.4±24.6 mean and SD), depending on their velocity during
the 6MWT. SL varied from 11.13 to 164.20 cm (83.83±25.93
cm), SV varied from 10.29 to 151.60 cm/s (70.40±26.73
cm/s), ST varied from 0.74 to 2.41 s (1.24±0.22 s), SW varied
from 0.08 to 0.89 s (0.39±0.08 s), and DS varied from 0.05
to 0.93 s (0.23±0.08 s).

Training and testing of the inference models were conducted
on a 4 GHz Intel® Core™ i7-6700K using MATLAB (The
Mathworks Inc., Natick, MA). In the TR models, NGA ranged
from 1 to 10 subjects. For each each gait parameter, it took
approximately 180 minutes, 40 minutes, and 8 minutes to train
GN, TR, and SS models, respectively.

A. Interrater Reliability

Intraclass correlation coefficients are reported in Table II.
In general, SVR models showed superior equivalence with
the gold-standard equipment compared to the CONV method.
However, differences in equivalence between CONV and SVR
methods were significant only in SW and DS, for the TR
and SS models (as indicated by the confidence intervals
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Fig. 3. Mean absolute errors (MAE) and standard deviation of the error (SD) for each gait parameter, averaged across all study participants who completed
the 6MWT with (yellow) and without (black) a mobility aid. Clusters represent the four processing methods analyzed in this study. Error bars indicate ±1SE.

Fig. 4. Bland-Altman plots for the spatiotemporal gait parameters analyzed in this study, comparing the CONV methods (black) with the proposed TR models
(red). In these plots, each dot represents a footfall, while dashed and solid horizontal lines indicate 95% limits of agreement (±1.96SD) and average errors,
respectively.

Table V. Adjusted p-values of the post-hoc analyses following one-way repeated measures ANOVA. The Bonferroni-Holm method was used to adjust for
multiple pairwise comparisons across the processing methods.

CONV/GN CONV/TR CONV/SS GN/TR GN/SS TR/SS
MAE SD MAE SD MAE SD MAE SD MAE SD MAE SD

Pooled Data
SL <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.01 <0.001 ns <0.001 ns
SV <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 <0.001 ns <0.001 ns
ST <0.001 ns ns ns <0.001 ns <0.001 ns ns ns ns ns

Non-assisted
SW <0.01 ns <0.001 ns <0.001 ns <0.01 ns <0.001 ns <0.05 ns
DS <0.001 ns <0.001 ns <0.001 ns ns ns <0.001 ns <0.05 ns

Assisted
SW ns ns <0.001 <0.01 <0.001 <0.001 <0.05 ns <0.001 <0.001 <0.05 <0.01
DS ns <0.01 <0.001 <0.01 <0.001 <0.001 <0.05 ns <0.001 <0.05 <0.05 <0.05

(CIs) in Table II). The interrater reliability of SVR models
slightly degraded when subject-specific training data were not
available, and this effect was more marked for GN models than
it was for TR models. Importantly, TR models demonstrated
better stability (i.e., smaller CIs) than GN models.

B. Validity

Fig. 3 shows the error metrics (MAE and SD) in the gait
parameters for the four data processing methods, grouped by
walking condition. Fig. 4 illustrates the Bland-Altman plots
of all gait parameters for the CONV and the TR methods.
The error metrics and the Bland-Altman plots were determined
based on reference stride-by-stride data obtained with the gold-
standard system. The MAE averaged across all study partic-
ipants are reported in Table III, along with their SD. Results
of the repeated-measures ANOVA are shown in Table IV and
post-hoc analyses are reported in Table V.

The processing method significanlty affected the accuracy
of SL and SV. MAE values in these gait metrics were
significantly smaller when using all SVR models compared
to the CONV method (Table V). SS models outperformed

both GN and TR models in these two gait metrics, indicating
the advantages of exploiting subject-specific labelled data,
when they are available. On the other hand, it is worth noting
that TR models yielded significantly smaller MAE than GN
models, despite relying on the same set of available labelled
observations (i.e., non subject-specific). The processing
method also affected the MAE of ST. Interestingly, the
CONV method yielded the most accurate results in ST
(Tab. III), confirming the validity of conventional approaches
based on FSRs to estimate this temporal parameter of gait
[16]. Indeed, the CONV method outperformed both SS and
GN methods (but not TR) in terms of accuracy. It is worth
noting, however, that the increase in MAE between CONV
and GN and SS was very modest (on average, less than 2.1
ms, which in our sample corresponded to only 0.09∼0.3%
of the stride time), thereby indicating that all methods
yielded excellent validity in estimating ST. Regardless of the
processing method, errors in ST were larger for individuals
who walked with a mobility aid. We reason that walking
with a mobility aid augments an individual’s forward lean,
which in turn negatively impacts the accuracy with which
IC events are detected, by altering the foot loading patterns
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upon which IC detection algorithms are based. In terms
of gait phase variables (SW and DS), the accuracy of the
processing methods depended on whether individuals walked
with or without a mobility aid, as indicated by the significant
interactions (Table IV). Separate one-way repeated-measures
ANOVA (Table V) indicated that the TR and SS methods
significantly outperformed the CONV method in both SW
and DS for individuals requiring a walking aid, but the
improvement was only marginal for the GN method. For
the non-assisted walking condition, instead, results replicated
those obtained for the MAE of SL and SV (i.e., all SVR
models outperformed the CONV method). Unlike ST, gait
phase metrics require the detection of both IC and TO events.
We explain the difference in the performance of the CONV
methods between ST and gait phase metrics by noting that
capturing TO events is far more challenging than detecting
IC when using foot-attached sensors, especially with elderly
and impaired gait.

The analysis of the error variability (SD) for SL and SV
revealed a significant effect of the processing method, with
all the SVR models significantly outperforming the CONV
method (Table V). The SVR models for SL and SV performed
similarly in terms of precision, except for the TR method,
which resulted in significantly worse precision compared to
the GN method. We explain this result with the type of cost
function chosen for the GA optimizer, which only accounted
for accuracy. Similarly to the MAE, the precision of ST was
negatively affected by the use of a walking aid, irrespective
of the processing method. We found a significant effect of the
processing method on the precision of ST, but the post-hoc
analysis did not reveal significant differences among CONV,
GN, TR and SS, suggesting that this effect was marginal.
Additionally, the precision of the processing methods in
determining SW and DS depended on the walking condition.
For individuals walking without a mobility aid, no significant
differences in precision were found across the processing
methods in these two gait metrics. For those who walked
with a mobility aid, however, all SVR models produced
an improvement in precision relative to the CONV method
(with SS performing better than TR and GN), even though
the improvement was not significant for the GN method in
estimating SW.

In summary, for spatial gait parameters (SL, SV), all
inference models consistently outperformed the CONV
method, both in terms of accuracy and precision, regardless
of the walking condition. This was also the case for the
gait phase variables (SW and DS), except that we did not
find significant improvements in precision when applying
SVR models to highly functioning individuals who did not
use a mobility aid. These results clearly indicate that when
subject-specific labelled data are not available for SL, SV,
SW, and DS, the TR method should be preferred to the
CONV method and to one-size-fits-all (GN) models. On the
other hand, we found no evidence that the application of
SVR models may further improve the validity of ST beyond
the high levels of accuracy afforded by the CONV method.

Table VI. Spearman’s ρ and corresponding p-values between TUG and the
percent MAE of gait parameters, for each data processing method.

MAE
%

TUG
CONV GN TR SS

SL 0.478 (<0.001) 0.687 (<0.001) 0.583 (<0.001) 0.640 (<0.001)
SV 0.517 (<0.001) 0.711 (<0.001) 0.579 (<0.001) 0.676 (<0.001)
ST 0.647 (<0.001) 0.630 (<0.001) 0.606 (<0.001) 0.653 (<0.001)
SW 0.295 (<0.01) 0.615 (<0.001) 0.543 (<0.001) 0.668 (<0.001)
DS ns 0.321 (<0.01) 0.277 (<0.01) 0.461 (<0.001)

Table VII. Mean and standard deviation (SD) of the number of features
selected by the GA optimizer for the GN and TR models.

SL SV ST SW DS
GN TR GN TR GN TR GN TR GN TR

MEAN 23.8 15.6 23.7 15.3 18.7 11.2 22.6 14.0 23.5 14.7
SD 1.4 2.9 1.4 2.9 1.7 2.5 1.4 2.6 1.7 3.0

Table VIII. Permutation feature importance for TR models. The two most
important features for each gait parameter are marked in bold font. pCONV

indicates the corresponding gait parameter (i.e., SL, SV, ST, SW or DS)
obtained with the CONV method.

Features SL SV ST SW DS
pCONV 2.48 2.77 6.26 2.41 1.74
|a| 1.08 1.12 1.05 1.06 1.07
ST 1.05 1.03 - 1.04 1.06
SW% 1.09 1.15 1.02 - 1.09
rms(ax) 1.12 1.08 1.06 1.22 1.08
rms(ay) 1.07 1.05 1.12 1.11 1.11
rms(az) 1.16 1.20 1.07 1.08 1.19
max(ax) 1.00 1.02 1.01 1.03 1.01
max(ay) 1.01 1.02 1.01 1.03 1.02
max(az) 1.01 1.01 1.00 1.04 1.03
min(ax) 1.01 1.01 1.01 1.00 1.01
min(ay) 1.01 1.03 1.01 1.02 1.00
min(az) 1.00 1.01 1.00 1.01 1.01
sum(ax) 1.23 1.23 1.01 1.02 1.02
sum(ay) 1.02 1.03 1.00 1.03 1.01
sum(az) 1.21 1.14 1.01 1.04 1.00
energy(ax) 1.11 1.17 1.04 1.11 1.10
energy(ay) 1.09 1.08 1.11 1.10 1.09
energy(az) 1.14 1.10 1.02 1.13 1.10
entropy(ax) 1.01 1.03 1.00 1.02 1.00
entropy(ay) 1.02 1.03 1.00 1.03 1.01
entropy(az) 1.05 1.05 1.00 1.05 1.04
height 1.09 1.04 1.00 1.00 1.11
weight 1.14 1.11 1.03 1.36 1.40
BMI 1.10 1.06 1.04 1.19 1.14
shoe size 1.14 1.15 1.06 1.21 1.30
age 1.08 1.04 1.01 1.05 1.05
gender 1.13 1.11 1.02 1.13 1.21
assistance 1.12 1.08 1.05 1.15 1.19

C. Effects of Gait Impairment on Validity

The results of the bivariate correlation analysis are sum-
marized in Table VI. Except for DS estimated using the
CONV method, the percentage MAE of all gait parameters,
regardless of the data processing method, were positively
associated with the TUG scores (i.e., the longer the time
required to complete the TUG, the larger the measurement
errors). This suggests that the more severe the gait impairment
is, the more challenging it is to extract accurate spatiotemporal
gait parameters using instrumented footwear. Nonetheless, all
correlation coefficients were low or moderate.

D. Feature Analysis

Table VII shows the number of input features selected by
the GA optimizer for the GN and TR models. Compared to
the GN method, the number of optimal input features for the
TR method was consistently smaller across all gait metrics,
indicating simpler and more efficient inference models. The
PFI values for the TR models are reported in Tab. VIII. As
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expected, the accuracy of the TR models was mainly affected
by the estimations obtained with the conventional method
(indicated as pCONV ). The second most relevant feature for
SL and SV was sum(ax), which is an indirect measure of the
amount of velocity drift error accumulated after each stride3.
Indeed, this value is exactly what the VDC method exploits
to cancel out the effects of velocity drift. We conjecture that
this input feature allows the inference models to compensate
for the residual effects of velocity drift after applying VDC,
thereby affecting the accuracy of both SV and SL.

It is worth noting that, for ST, the PFI of pCONV was
approximately six times larger than any other input features.
This provides strong evidence that inference models using
this candidate set of input features might not be as effective
in correcting the already modest measurement errors in ST
produced by the CONV method. For SW and DS, the second
most important feature was the wearer’s weight. Because the
magnitude of the propulsive forces at TO is associated with an
individual’s weight, this parameter may correct the accuracy
with which TO events (and therefore SW and DS) are detected.

VI. DISCUSSION

Unlike traditional inductive learning, transductive learning
exploits knowledge about the positions of the unlabelled test
data with respect to the training data in the input feature
space to provide direct inference on the test data, resulting
in improved performances [31]. To the best of the authors’
knowledge, this study is the first one applying transductive
learning models to ambulatory gait analysis. Taking full ad-
vantage of the transductive learning paradigm, the proposed
approach generates personalized inference models without
requiring subject-specific reference data to train the models,
and therefore is applicable to out-of-the lab and in-clinic
gait assessments, for which laboratory equipment is often not
available. The TR models were validated against gold-standard
instrumentation in a cohort of elderly residents of assisted
living facilities and demonstrated significantly better accuracy
than CONV techniques in all spatiotemporal gait parameters
except for ST. Unlike the end-to-end ML methods proposed
by recent research [20], [24]–[26], the TR models introduced
in this paper do not replace conventional data processing
techniques. Instead, the outputs generated using conventional
techniques are embedded into the inference models as domain
knowledge and augmented with a subject-tailored subset of
input features that substantially reduce measurement errors.
This results in more efficient learning (i.e., less complex and
more accurate models) from the same training dataset and
sensor hardware. Compared with our previous one-size-fits-
all models (here indicated as GN), the TR models required
approximately 20% of training time and 60% of the input
features, yet they further reduced measurement errors by up
to 18%.

We found good or excellent interrater reliability in all the
spatiotemporal metrics extracted with the CONV method,

3For the instrumented footwear shown in Fig. 1, the x axis is aligned
with the longitudinal axis of the sandal, pointing forward, and the z axis is
orthogonal to the footwear’s sole, pointing downward.

indicating that conventional metrics and ground truth data are
well-correlated. This result, however, must be interpreted with
caution, since interrater reliability does not imply construct
validity. Indeed, in our sample the CONV method yielded
an average MAE of approximately 5 cm/s in SV (Tab. III),
which is the minimal clinically important difference (MCID)
for community dwelling older adults [57] and individuals
with Parkinson’s disease [58]. This indicates that about half
of the SV values obtained with the CONV method were
affected by measurement errors that exceeded the MCID. The
TR inference models can mitigate this problem by offering
excellent reliability and enhanced validity in all spatiotemporal
parameters, without the need for subject-specific labelled data.
When applying the TR models, the average MAE in SV
dropped to approximately 3.4 cm/s.

Among the spatiotemporal gait parameters investigated in
this work, ST represented an exception, since the measures
produced by the CONV method demonstrated excellent in-
terrater reliability (ICC=1.00) and validity (MAE%=1.3%),
which could not be further improved by any of the proposed
SVR models. We explain this result by noting that IC events
can be reliably detected by underfoot FSRs, even when the
IC does not occur under the hindfoot [59]. On the other
hand, a limited number of underfoot FSRs might not yield
accurate estimates of TO events in elderly and pathological
gait [60], which motivated the IMU-based TO detection ap-
proach adopted in this work. Even so, the estimates of SW
and DS obtained with the CONV method using IMU-based
TO detection demonstrated only good reliability and moderate
validity (9% and 15% MAE, respectively), suggesting that the
effectiveness of this approach might be affected by the reduced
ankle plantarflexion angle at push-off, a common feature of
elderly gait [61] that may have lowered the signal-to-noise
ratio in the IMU time-series used to detect TO events.

When applying the CONV method, the results we obtained
were in line with previous research on ambulatory gait analysis
employing similar conventional data processing techniques
(Tab. IX, top panel). This confirms that the baseline level of
accuracy that the proposed inference models aimed to improve
upon was comparable with state-of-the-art results. We attribute
the differences in MAE to the different target populations (i.e.,
institutionalized elderly in this study, vs. community dwelling
elderly in [11], [55]), differences in gait event detection meth-
ods (i.e., IMU+FSR in this study vs. IMU in [13]), and to the
small numbers of analyzed strides [13] and study participants
[14], [55], [56] in most of the previous studies, which might
not yield a truthful representation of the the intra- and inter-
subject variability of the population. It is also important to
note that about one half of our study participants completed
the 6MWT using a mobility aid (Tab. I). Among the related
literature shown in Tab. IX, only the study in [13] analyzed the
effects of walking aids on the accuracy of a wearable system.

When using SS models to estimate SL, we found better
results than what was reported in [20], [25], and worse results
than [24], which all relied on neural networks (Tab. IX, middle
panel). However, for [24] and [25], the validation was limited
to a small sample of healthy young adults, thereby making
it difficult to compare performances with this study. On the
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Table IX. Accuracy of IMU-based wearable systems reported in recent works (top: traditional methods; middle: subject-specific inference models; bottom:
models not requiring subject-specific labelled data). The transuctive-learning models (TR-SVR) represent the main contribution of the paper.

Ref. Subjects Population # Strides Methods MAE%
SL SV ST SW DS

Mariani et al. [11] 10 elderly healthy 492 CONV 4.9%a 4.3%a - - -
Rampp et al. [13] 116 elderly geriatric inpatients 1220 CONV 7.8%b - 2.4%b 6.7%b -
Trojaniello et al. [55] 10 elderly healthy 576 CONV 3.0% - 1.0% 6.0% -
Trojaniello et al. [55] 10 elderly Parkinson’s 532 CONV 2.0% - 1.0% 7.0% -
Ferrari et al. [14] 14 elderly Parkinson’s 1314 CONV 4.0%a 8.0%a 6.4%a - -
Kluge et al. [56] 4 elderly Parkinson’s 129 CONV 4.2% 4.2% 1.3% 8.5% -
Our work 95 elderly assisted living facilities 9253 CONV 7.5% 7.7% 1.3% 8.6% 14.7%
Xing et al. [24] 13 young healthy - ANNs (SS model) >2.0% - - - -
Hannink et al. [20] 116 elderly geriatric inpatients 1220 DCNNs (SS model) 4.9%b - - - -
Wang et al. [25] 5 young healthy 10000 DRNNs (SS model) >4.7% - - - -
Our work 95 elderly assisted living facilities 9253 SS-SVR 3.6% 3.7% 1.4% 3.9% 6.5%
Zrenner et al. [26] 27 young healthy 2377 DCNNs 5.9% 5.9% - - -
Zihajehzadeh et al. [21] 15 young healthy - GPR - 4.9% - - -
McGinnis et al. [22] 17 young healthy - SVR - >6.0% - - -
Zhang et al. [38] 14 young healthy 5085 GN-SVR 1.4% 1.2% - - -
Our work 95 elderly assisted living facilities 9253 GN-SVR 5.7% 6.0% 1.5% 6.9% 10.9%
Our work 95 elderly assisted living facilities 9253 TR-SVR 4.7% 4.9% 1.4% 5.9% 8.9%
aEstimated based on the reported accuracy% ± precision%, assuming a normal distribution.
bEstimated as the ratio between mean absolute error and mean estimations.

other hand, the percentage MAEs of SL and SV obtained with
the GN models were in line with those presented in [26] for
DCNN models (Tab. IX, bottom panel), which did not rely
on subject-specific training data. The accuracy in SV for GN
models was better than what was reported in [22] using SVR
models, but worse than [21] using GPR models. However,
these two studies estimated the average walking speed during
a 5-second window, which is related, but not equivalent, to the
definition of stride velocity commonly used in spatiotemporal
gait analysis. Additionally, such an average metric cannot be
used to estimate stride-to-stride variability, which is important
in elderly and pathological gait.

The most interesting results in our study came from the
TR models. In terms of accuracy, TR models outperformed
GN models in all the analyzed gait parameters, despite relying
on the same available set of labelled data, thereby providing
strong support for the use of personalized inference models in
ambulatory gait analysis. However, TR models did not reduce
error variability compared to GN. We explain this result with
the type of cost function used in the GA optimizer, which was
blind to SD. Notably, compared to past research (Tab. IX),
TR models yielded more accurate SL estimations than the
DCNNs in [20], even though the latter work relied on subject-
specific training data. Moreover, the MAE in SV obtained
with TR models was similar to the results presented in [21],
which collected data from healthy individuals. Despite these
encouraging results, we found a significant gap in validity
between SS models and TR models, suggesting that subject-
specific training data should be used whenever possible, if
validity is a priority.

The results from the correlation analyses suggested that the
level of gait impairment affects the validity of the inference
models and the CONV methods in a similar fashion. Although
the strength of the correlation was low or moderate, this result
emphasizes the importance of validating new technologies
and computational methods for ambulatory gait analysis on
the clinical population of interest, since results obtained with
highly functional individuals might not transfer to those with
gait impairments. Further research is warranted to better
elucidate the sensitivity of wearable systems for ambulatory
gait analysis to the use of walking aids, given that our results

evidenced a general trend towards degraded accuracy and
precision in all temporal and gait-phase parameters in the
individuals who used a cane or a walker.

This study has several limitations. First, the experimental
protocol did not allow us to quantify the test-retest reliability
of the TR models. While the GN models are not affected by
this problem and the SS models showed excellent test-retest
reliability [38], rigorously evaluating the extent to which the
accuracy of TR models decreases when a previously trained
TR model is applied to subsequent walking tests will inform us
about the need to train session-specific TR models, which has
important practical implications given the computational time
required to train each model. For example, using previously-
trained TR models would enable real-time gait analysis (e.g.,
for use with wearable biofeedback systems [62]). Conversely,
should the TR models demonstrate poor test-retest reliability,
gait data could be generated in real-time using previously
trained GN models, while higher-accuracy data could be made
available off-line, after training session-specific TR models.
Second, the benefits of the TR approach rely on the avail-
ability of labelled observations from individuals who have
similar gait patterns to the test subject. Consequently, differ-
ent labelled datasets will likely be required when studying
different populations (e.g., pediatric vs. adult populations).
Third, although most standardized clinical gait performance
tests include bouts of straight-line walking on even surfaces
similar to those analyzed in this study, the results we presented
might not apply to real-life walking, which often consists
of short walking bouts on even and uneven surfaces, turns,
episodes of gait initiation/termination, and other motor tasks
such as stairs negotiation [63]. Therefore, we plan to direct
future studies toward validating the TR models in motor tasks
that more closely represent real-life walking, to investigate the
range of applicability of these methods to extended-time gait
monitoring in real-life environments. Furthermore, a future
study will focus on extending the use of transductive learning
methods for weights optimization in the SVR models, and
on improving the GA-based feature selection procedure to
increase the precision of the models (e.g., through a multi-
objective optimization). We also plan to develop similar ML
inference models to extract kinetic gait parameters (such as
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center-of-pressure trajectories [64]), which were not addressed
in this study. Lastly, it is worth noting that, even though
the proposed inference models were validated on a labelled
dataset collected using the instrumented footwear shown in
Fig. 1, these methods can be readily applied to any IMU-based
footwear system, such as instrumented insoles and on-shoe
sensors.

VII. CONCLUSION

This paper introduced novel transductive learning models to
improve validity and reliability of instrumented footwear for
spatiotemporal gait analysis. The performance of the proposed
models were compared with those of conventional data pro-
cessing techniques using overground walking data collected
from a cohort of older adults. Conventional methods demon-
strated high validity and reliability only in measuring stride
time, however they were outperformed by the transductive
models in terms of stride length, velocity, double support time,
and swing time. Additionally, the transductive models showed
better accuracy than previously developed one-size-fits-all
inference methods (despite relying on the same available set of
labelled data), while reducing model complexity and training
time. By shifting the focus from traditional inductive inference
to direct inference on a target dataset, transductive models
may represent a promising method to improve the validity and
range of applicability of instrumented footwear for ambulatory
gait analysis.
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