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ABSTRACT

Background: Dynamic analyses of walking rely on the 3D ground reaction forces (GRF) under each foot, while
only the resultant force of both limbs may be recorded on a single-belt instrumented treadmill or when both feet
touch the same force platform.

Research question: This study aims to develop a robust decomposition of the shear GRF to complete the most
accurate decomposition of the vertical GRF [8].

Methods: A retrospective study of 374 healthy adults records (age: 22.8 + 2.6 years, speed: 1.34 + 0.28 m/s)
and of 434 patient records (age: 21.3 + 17.8 years, speed: 0.64 = 0.19 m/s) were used in a machine learning
process to develop a robust predictive model to decompose the fore-aft GRF. The lateral GRF was decomposed by
resolving the equilibrium of transverse moments around the center of pressure.

Results: A predictive linear model of the fore-aft GRF under the back foot every 5% of the double contact phase
was obtained from 2 predictors: the total fore-aft GRF and the vertical GRF under the back foot. Each predictor
uses a time series of 31 samples before and during the double contact. The model performs accurately in healthy
(median[IQR] error of 3.0[2.2-4.11%) and in clinical gaits (7.7[4.7-13.4]%). The error in lateral GRF decom-
position is of 5.7[3.9-10.2]% in healthy gaits and of 12.0[7.2-19.2]% in patients under the back foot and about
half of that under the front foot.

Significance: The decomposition of shear GRFs achieved in this study supports the mechanics of walking. It
provides outstanding accuracy in healthy gait and also applies to neurologic and orthopedic disorders. Together
with the vertical GRF decomposition [8], this approach for the shear components paves the way for robust single
limb GRF determination on a single-belt instrumented treadmill or when both feet touch the same force platform
in normal and clinical gait analysis.

1. Introduction

developed to record the ground reaction force under each foot while
walking across a separation line between independent force platforms

Human walking is characterized by alternating phases of single and
double foot contact on the floor. The ground reaction forces are re-
corded while walking on force platforms or on an instrumented tread-
mill in order to characterize the gait, to detect asymmetries and to
assess clinical gaits. Nevertheless, some gait parameters such as the
peak force under one foot or the joint torques derived using inverse
dynamics, require the knowledge of the ground reaction force under
each foot; which cannot be measured directly when both feet are in
contact with a single force sensor. Several approaches have been pro-
posed to overcome this limitation. First, force platforms are laid in a
pattern that allows the subject to step with each foot on independent
platforms. Second, split-belt instrumented treadmills have been

built into the treadmill. Both approaches may lead to “targeting” be-
haviors where the subjects tend to aim for a fixed platform or to avoid
the separation line, resulting in a significant alteration in the ground
reaction force measurement [1,2].

A third approach consists in recording the ground reaction force
during the double contact phase with a single sensor and computa-
tionally decomposing the recorded signal into signals for each in-
dividual foot. This approach is especially useful for recording numerous
steps of gait on a single-belt instrumented treadmill while avoiding the
problem of "targeting" the foot strikes [3-5]. Algorithms used to achieve
this decomposition are typically built from individual foot force records
summed as if they were obtained with a single sensor during the double
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contact phase of walking. Then, the total force is decomposed compu-
tationally and validated against the measured signals. Some decom-
position algorithms only address the vertical component of the ground
reaction force [6-8]. To date, the smallest error in the decomposition of
the vertical component of the ground reaction force has a median re-
lative error of 1.8% in healthy gait and of 2.5% in clinical gait, strictly
determined by the error on the center of pressure under each foot [8].

Decomposition algorithms for the shear components of the ground
reaction forces, namely the foreaft and the lateral components, have
been proposed more recently [9-11]. All algorithms use curve fitting
techniques to best match the force components recorded under each
individual foot. Existing algorithms [9,10] fit the ground reaction force
recorded under the back foot, since it is typically smoother than that
under the front foot and one of them [11] uses additional characteristic
points of the recorded signals to resolve the undetermined parameters
of the fitted curve. To date, the smallest average root mean square error
reached is over 6% in the fore-aft direction and between 7% and 18% in
the lateral direction. Samadi et al. [10] report relative errors of the
same magnitudes, but computed relative to the amplitude of the total
force recorded under both feet rather than relative to the single foot
force; which complicates the performance comparison. A shortcoming
of most of these algorithms is that they disregard the necessary equi-
librium of the moments around a vertical axis. Indeed, the only study
that assessed the error in moments [9] reports the largest errors in the
lateral force (18%) and in the transverse moment (over 12%), most
likely due the interdependence of these kinetic components.

Another limitation of most algorithms [9,10] is that they merely
provide the best fit on their data, i.e. best performance model, but they
fail to address the robustness of the model in new data of the same kind.
Machine learning techniques include predictive models that can be used
to define a function relating a predicted variable to a set of predictors
[12]. In walking, the ground reaction force component under one foot
could be predicted from a set of predictors such as the total ground
reaction force under both feet, size or speed. Besides determining the
performance of a given model, i.e. its error, these techniques can also be
used to address the model robustness. Typically, a part of the dataset is
used to fit the highest performance model, and another part is used to
validate the model performance on 'new' data in order to confirm the
model performance in the validation sample [13,14]; the more robust
models are obtained when the performance is equal in the training
sample and in the validation sample [15].

The objective of this paper is to develop a robust predictive de-
composition of the shear components of the ground reaction force
under each foot during the double contact phase of walking.

2. Material and methods
2.1. Subjects and procedures

A retrospective study was carried out on a total of 808 force plat-
form records from 27 healthy adults and 88 patients including 33 adults
and 55 children (see Table 1). The healthy subjects had no injury of the
locomotor system and no history of neurological disorder at the time of
assessment. The study was conducted according to the Declaration of
Helsinki and was approved by the local ethics committee. For the re-
cordings, the subjects walked on a force platform at a speed ranging
from 0.83 to 1.94 m/s; the patients walked at their spontaneous speed.
The records with both feet on separate force plates were used for this
study. The three-dimensional ground reaction force (GRF) and center of
pressure (COP) under each foot were recorded at 250 Hz or 500 Hz for
the healthy subjects and at 50 Hz for the patients, from different force
platforms [16-18], after the analog force signals had been filtered with
an 8-pole Bessel low pass filter with a cutoff frequency of 125 Hz. All
signals were resampled at 1kHz for the analysis. The timing of the
double contact (DC) phase was determined from the front foot contact
(FC, i.e. when the vertical GRF under the front foot exceeds 10 N) until
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Table 1
Sample characteristics.
Healthy Patients
Sample size, n subjects / n steps
Adults 27 / 374 33 /168
Children - 54 / 266
Age, year (mean * sd)
Adults 22.8 = 2.6 39.8 = 16.0
Children - 9.5 = 3.0
Body weight, kg (mean * sd)
Adults 71.6 = 9.5 67.3 = 16.7
Children - 30.3 = 12.7
Walking speed, m/s (mean * sd)
Adults 1.34 = 0.28 0.57 = 0.19
Children - 0.67 = 0.19
Neurological pathologies, n patients / n steps
Periventricular leukomalacia - 2/10
Idiopathic toe-walker - 2/11
Hemiplegia - 24 /117
Diplegia - 7 /42
Cerebral palsy - 28 /123
Arnold-Chiari malformation - 1/5
Myopathy - 1/7
Paraparesis - 3/17
Childhood polio - 1/5
Quadriparesis - 2/12
Orthopedic pathologies, n patients / n steps
Ankle sprain - 2/10
Osteoarthritis of the knee - 1/4
Lower limb fracture - 1/7
Spondylolysis - 1/7
Equinovarus - 4/16
Foot valgus - 1/11
Spasticity - 1/8
Other pathologies, n patients / n steps
Fibromyalgia - 2/10
Walking unstable - 2/9
Psychomotor retardation - 1/3

the back foot off (FO, i.e. when the vertical GRF under the back foot
falls below 10 N) and was then normalized (0% = FC, 100% = FO).
The GRF recorded under both feet were normalized in body weight
units and summed to obtain the total GRF. Then, the vertical compo-
nent of the GRF was decomposed to compute the force under each foot,
E,back and Isz,fmm, assuming that the COP under each foot remained fix
during the DC: the COP of the back foot was fixed at its position at the
FC; the COP of the front foot was fixed at its position at the FO [8].
Notations with a “’ accent indicate decomposed values, notations
without accent indicate actually measured signals.

2.2. Decomposition of the fore-aft ground reaction force component

A machine learning model was applied to predict the fore-aft GRF
on the back foot (Fpack) by computing a set of 19 predicted Fy,back values
at 5% intervals during the DC. The model has been evaluated according
to a leave-one-subject-out cross validation by determining the model
parameters on training data (all but one subject left-out) within each
fold of the cross validation and by assessing the model performance on
test data (the left-out subject) (14). Five sets of variables were initially
considered as predictors: the total GRF in lateral (F ) and fore-aft
(F,tt) directions, the decomposed vertical GRF under each foot (E,back
and E,fmm) and the total frictional torque around the COP (T,). Each
predictor was a time series of 31 samples including 10 samples at 4 ms
intervals during the 40 milliseconds prior to the DC and 21 samples at
5% intervals between 0 and 100% of the DC. Using a nested leave-one-
subject-out cross validation [13,14], a backward stepwise selection on
training data showed that only K, and E, pack Were sufficient to mini-
mize the validation error (within 3% of the minimum error), leading to
a total of 2*31 predictor values.
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The model used to predict the fore-aft GRF under the back foot at 19
instants t (t € {5%-95% of the DC in increments of 5%}) during the DC
for a given step s is presented below:

Fy,tot,l,s
ﬁy,bac.k's‘u,s CL.LS% Cl.?l.s% Cz,.1,5% Cz,%l,s% Fy,to‘t,31,s
B back,95% s Cl,i,%% C1,3.1,95% Cz,;,gs% C2,3.1,95% . Fz'ba.Ck'Ls

1:_"z,bzu:kﬁl,s

where Fy,back,t’s is the decomposed fore-aft GRF under the back foot at
instant t of the DC for step s; F o1,ns and E,back,n,s are the values of the
predictors at the nth sample (n € {1-31}) for step s and C,; is the
coefficient of the nth sample of predictor v (1 for F;;; and 2 for Fz,back)
to predict Fy,back at instant t of the DC.

The coefficients C, ,; have been determined by solving the learning
model that regresses the Ky, 15 actually recorded under the back foot
at instant t of the DC of step s against the 62 predictor values (31 for
F ot and 31 for l:“z,back) for the k steps of the training dataset, as follows:

[ Fy,back,t,l
Fy,back, tk
0 =
0
0
0
Fy,lot,l,l Fy, tot,2,1 *°° Fy,lol,Sl,l It_"z,back,l,l o 13"z,b:«ck,_%(),l ?z,back,Sl,l Cl‘l"'
: : : ; : : Gt
Fy,tot,l,k Fy,tot,Z,k Fy,tot,31,k I:-"z,bau:k.l.k 1a‘z.ba\ck.SO.k IE“Z.back,}l,k Ie :
A 0 e 0 0 e 0 0 CIYSI ot
0 AL 0 0 s 0 0 21t
0 0 .. 0 0 . A 0 Ca30.t
0 (U 0 0 o 0 1 Caat

When using only the first k lines of the matrix equation, the coef-
ficients C, ; associated with each predictor showed substantial jitter as
a function of time, indicating that the non-orthogonal predictors tended
to overfit the regression. A smoother predictive model for . was
obtained by including a ridge regularization [19] in the learning model,
as shown by the last 62 lines of the matrix equation. Each coefficient
Cy.n; is weighted with the ridge parameter (A) which tends to minimize
the sum of the squares of all coefficients Cy,; and reduce the coeffi-
cients variation throughout the DC. The same value for A has been used
in a comparable learning model for the 19 instants t during the DC.

A nested leave-one-subject-out cross validation [13,14] was per-
formed repeatedly with the A parameter increasing from zero until the
training error (i.e. the average normalized error in the training data)
was equal to the validation error (i.e. the average normalized error in
the validation steps) denoting a statistical robustness [15]. The
equivalence was tested with two one-sided tests (TOST) [20,21] using
an equivalence interval of + 10% of the mean learning error. The level
of statistical significance was set to 0.05.

The values of Fy,back computed with the predictive model at 19 in-
stants t were then interpolated with a cubic spline to determine the
instantaneous value for Fy,back throughout the DC. This value was then
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subtracted from the total fore-aft GRF to determine the force under the
front foot (£ ront)-

2.3. Decomposition of the lateral ground reaction force component

The lateral component of the GRF was determined by resolving the
equilibrium of transverse moments. During the DC, the total moment
(T,t) recorded by the force platform around a vertical axis collinear
with the center of pressure can be expressed as:

Tz,tol = Fy,back~ (OE(,back - OB(,tot) - Fx,back- (Ol:;r,back - OPy,tot) + Tz,back
+ Fy,fmm- (OR(,fmm - OE{,[O[) - Fx,front- (OPy,front - OPy,tot) + Tz,front

where Fy; is the GRF component and OFy; is the coordinate of the COP,
respectively, in direction d under foot f (i.e. ‘front’, ‘back’ or ‘tot’ for
both feet) and T, is the frictional torque under foot f during the DC.
The T, consists of three components: the moment due to the offset
between the COP under both feet (expressed by the shear GRF com-
ponents) and the frictional torque under the front (T, fn:) and the back
foot (T,pack). During the DC, T,pacx is initially equal to T, and then
decreases to zero, while T, o, is initially null and increases to be equal
to T, at the end of the DC. A linear interpolation was used for both
Ty.sront @and T,y during the DC as the simplest realistic hypothesis. By
considering the decomposed Fp,c, the assumed T, grone and T, pack and
the coordinates of the COP under each foot during the DC [8], this
equation could be solved for Fx,back as follows:

. 1

Fx back = = <
OPy,from _OPy,back

— Ly,tot- (dB(,front - OB(,tot)+ Fx,tub (dPy,frunt - OPy,tut))

‘(Tz,tot - Tz,front - Tz,back - 1e‘y,ba(zk‘ (dE(,back _dPx,fron[)

The force under the front foot (Fx,fwm) was computed by subtracting
Fx,back from Fx,tot-

2.4. Decomposition error

The absolute error was computed for both decomposed shear com-
ponents as the absolute difference between the decomposed and the
recorded GRF under any foot. The normalized error was computed by
dividing the absolute error by the subject body weight. While the ab-
solute and normalized errors are identical for both feet, the relative
error was determined by dividing the mean absolute error in each di-
rection by the peak-to-peak force variation recorded under each foot in
that direction during the DC.

3. Results

The result of the leave-one-subject-out cross validation used to de-
termine Fy,back on the 808 steps is illustrated in Fig. 1. It shows a mean
body weight normalized error on the whole dataset of 78 mN/kg
without ridge regularization (A = 0). The mean validation error on all
single steps is systematically higher than the learning error. Higher
values of A tend to bring both errors closer to one another, hence
producing a more robust model with smaller variations of the regres-
sion coefficients across the DC. A robust prediction demonstrating a
significant equivalence of the validation and learning error ( = 10%
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Fig. 1. The mean body weight normalized error on Fy,back of the learning model
(thick grey curve) including a + 10% equivalence interval (light grey area) is
compared with the mean normalized error in all validation steps (black circles)
including normal and clinical gaits. Without ridge regularization (A = 0), both
errors substantially differ indicating that the predictive model lacks robustness.
Higher ridge regularizations demonstrate validation errors closer to the
learning errors according to a decreasing p-value of the two one-sided tests
(TOST, thin black curve, right-side ordinate). A robust learning model, with a
significant equivalence of the mean relative validation and learning errors
(TOST p-value < 0.05) was obtained with a A of 0.388 (dashed line).

equivalence interval, TOST p-value < 0.05) was obtained for a ridge
parameter of 0.388.

The values of coefficients C, ,; of the predictive model for Fy,back
computed with a A of 0.388 are illustrated in Fig. 2. Among the time
series of the K, samples used to predict Fy,back, the most important
determinants are those with the higher absolute value (red and dark
blue in Fig. 2), i.e. the samples around the beginning of the DC, the
samples in phase with Fy,back between 40 and 80% of the DC and the

Coefficients for samples of Fy"ot predictor

~

Predicted instant of Fy ;5 (% DC)
(o2}
o

40 20 O 20 40 60 80
(ms prior (% of DC)
to DC)

(ms prior
to DC)
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samples that just precede the end of the DC. Among the time series of
the F, a0 samples used to predict Fy,back, the most important determi-
nants are the samples at the very beginning of the DC and the samples
between 25 and 75% of the DC that slightly anticipate or are in phase
the predicted value of Fy,back.

A typical trace illustrating the decomposition of the three GRF
components is presented in Fig. 3. It shows that the computational
decomposition is able to determine slow GRF changes as measured
under the rear foot in the fore-aft direction as well as faster changes as
measured in the fore-aft direction under the front foot and in the lateral
direction.

The normalized error on the decomposition of the shear GRFs is
presented in Fig. 4. The results indicate that the median error is the
highest around the middle of the DC phase. Noticeably, the median
error in the fore-aft direction is quite comparable in normal and in
clinical gaits, although the error distribution is more spread in clinical
gaits. In the lateral direction, the normalized error in clinical gait is
twice as high as in healthy controls. The absolute and relative decom-
position errors are also presented in Table 2. The median relative error
on the decomposition of the foreaft GRF is lower than 3.0% under ei-
ther foot in normal gait and lower than 7.7% in clinical gait. The re-
lative error is less symmetrical for the lateral than for the fore-aft GRE:
the median relative error is of 5.7% in normal gaits and of 12.0% in
clinical gaits under the back foot, while it is about half of that under the
front foot.

4. Discussion

A method has been proposed to decompose the ground reaction
force (GRF) under each foot while recording only the total GRF under
both feet on a force platform during the double contact (DC) phase of
walking. After determining the timing of the single and double contact,
the decomposition of the GRF components is approached sequentially:
first the vertical GRF is decomposed [8], then a prediction model is
used for the foreaft GRF and then the equilibrium of transverse mo-
ments around the center of pressure (COP) is used for the lateral GRF.

Coefficients for samples of ?Z’back predictor

95
90
85 Coef. C, ¢
80
75 _
70
65 :
60 )
55 A
45 :
40 )
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30 '
25 :
20 )
15
10

5

20 0 20 40 60 80

(% of DC)

Fig. 2. Regression coefficients C, 5 for both predictor variables, F o, (left panel) and Isz,back (right panel) used to determine l:“y‘back during the DC phase of walking. The
model determines the value of Fy,back from 5% to 95% of the DC in 5% increments (ordinate) using a linear regression of 31 samples of each predictor variable (10
samples during the 40 ms prior to the DC and of 21 samples from 0% to 100% of the DC) (abscissas). The white line in each plot indicates instants where each

predictor is synchronous with the predicted value of Fy,back.
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Fig. 3. Typical traces of the vertical, foreaft
and lateral GRF during the DC in normal gait
for a healthy subject walking at 1.33 m/s (left
panels) and in clinical gait for a patient
walking at 0.28 m/s (right panels). The total
GRF recorded under both feet for each com-
ponent (thick lines) is equal to the sum of the
GRF recorded separately under each foot (plain
thin lines) during the DC. The total GRF in each
direction is equal to the force under the back
foot at the front foot contact (0% of DC) and to
that under the front foot at the back foot off
(100% of DC). The decomposed GRF under
each foot (dotted lines) is represented for each
component. Note the similarity of the decom-
posed traces with those actually recorded
under each foot for both normal and clinical
gaits, even though the patient record shown
here generated shear GRFs with different
shapes and amplitudes than the healthy sub-
ject.

Fig. 4. Evolution of the normalized decom-
position error on the fore-aft (F,) and lateral
(Fy) GRF components throughout the DC phase
of walking in 374 steps of normal gait (left
panels) and in 434 steps of clinical gait (right
panels). Smaller errors are observed at the
front foot contact (0% of DC) and at the back
foot off (100% of DC), with a median error
tripling on F, around 50% of the DC and dou-
bling on Fy around 30% of the DC in healthy
gait and around 40% of the DC in clinical gait.
Every 5% of DC, the median error is indicated
as the box line, the 25th and 75th percentiles
are indicated by the size of the box, the 5th and
95th percentiles are indicated by the whiskers.
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Table 2

Error on the decomposition of shear GRF during the DC phase of walking.
GRF component Normal Clinical

p25 Median P75 Mean SD p25 Median P75 Mean SD

Error on Fy (N) 3.21 4.59 6.47 5.25 291 2.10 3.27 5.7 4.23 3.01
Error on F, (mN/kg) 46.6 64.4 92.4 75.0 42.2 52.4 84.8 126.7 101.9 67.5
Error on Fy (% of Fy pack) 2.2 3.0 4.1 3.3 1.6 4.7 7.7 13.4 10.8 9.7
Error on Fy (% of Fy grond 1.9 2.7 3.6 2.9 1.4 4.1 6.6 10.7 8.8 7.2
Error on Fy; (N) 1.44 1.93 2.64 2.22 1.17 1.54 2.43 3.81 3.18 2.57
Error on F, (mN/kg) 20.6 28.4 39.1 31.7 15.7 40.6 61.7 96.0 75.7 51.3
Error on Fy (% of Fy paci) 3.9 5.7 10.2 7.7 5.4 7.2 12.0 19.2 15.6 13.6
Error on Fy (% of Fy front) 2.1 3.0 4.5 3.4 1.7 4.7 6.8 11.7 8.6 5.7

GRF: ground reaction force; DC: double contact; p25: 25th percentile; p75: 75th percentile; SD : standard deviation.

This methodology differs substantially from existing alternatives
[7,9-11] that approach the decomposition essentially as a curve fitting
mission. Indeed, existing algorithms rely on the determination of the
GRF under one foot as a mathematical function of time, parameterized
to best fit the recorded force signals, ignoring any biomechanical in-
terpretation and leaving aside the interrelations between forces and
torques imposed by walking. The predictive model proposed to de-
compose the fore-aft GRF emphasizes the relationship between the fore-
aft and vertical GRF imposed by the coordination of kinetic determi-
nants of walking. The resulting complex force-time relation for R back 1S
modeled using 19 consecutive points predicted independently during
the DC. Then, the decomposition of the lateral GRF relies strictly on a
kinetic equation of the movement, avoiding mechanical inconsistencies
between the decomposed and the recorded signals.

The fore-aft decomposition uses a machine learning process to build
a predictive model that is robust, predicting new data with the same
performance as learning data, and that is applicable to both normal and
clinical GRFs. The counterpart to this robustness is a slight penalty in
performance, resulting in a mean error of less than 3.3% in normal gait
and of less than 10.8% in clinical gait. Compared to alternative methods
[9-11] that hardly address robustness [9,10] and have not been applied
to clinical gaits, the predictive decomposition of F, i, demonstrates half
of the error in the fore-aft GRF decomposition in healthy subjects. This
outstanding performance suggests the existence of a predictable un-
derlying relationship between K, pack, F ot and F, pac that relies on the
information captured in the GRFs during the DC phase of walking. For
instance, speed and step length are captured in the GRFs, hence in the
model, since higher speeds and shorter steps generate higher accel-
erations and decelerations at each step. Nonetheless, this relationship
also holds in clinical gaits, including neurological and orthopedic
pathologies, demonstrating body weight normalized errors of the same
magnitude as in normal gait (less than 100 mN/kg on average). Larger
relative errors in clinical gait can be explained by lower propulsion
forces (average K, ok amplitude of 160 + 40.5N in normal gait and of
49 + 30.1N in clinical gait).

The lateral decomposition uses a biomechanical equilibrium, also
applicable on left and on right steps and on normal and clinical gaits,
implying that the decomposition performance strictly derives from the
error in the estimated parameters used in the equation, namely Fy,back,
the center of pressure and the frictional torque under each foot. The
lateral decomposition could be improved by a better knowledge of any
of these variables. Indeed, a computation of the lateral decomposition
when using the values actually measured for these variables in the
equation provided a null error, which stems for the accuracy of this
method. Another important feature of such biomechanical decomposi-
tion is that it is amenable to unfiltered signals. While most alternative
methods use records filtered at 10 Hz [9] or even at 4Hz [10], the
biomechanical decomposition in lateral GRF captures the high force
rates imposed by the transversal body weight shift that occurs during
the DC especially at high speeds.

The decomposition of the shear GRF proposed in this study echoes
the decomposition of the vertical GRF and the detection of the foot
contact phases adapted to single platform measurement proposed by
Meurisse et al [8]. Both methods outperform alternative decomposi-
tions by relying mostly on biomechanical equations of walking, while
offering a performance unmatched to date. Together, these methods
offer a 3D decomposition that can be used to analyze single foot
parameters and detect asymmetries while both feet touch the same
force platform or while walking on a single-belt instrumented treadmill.
A quantitative gait assessment may also benefit from a reconstruction of
the single-limb moments or center of pressure. The effect of the de-
composition on joint torques computed in conjunction with kinematic
measurements could be assessed in future research.
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