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ARTICLE INFO ABSTRACT

Keywords: Local dynamic stability (LDS) of gait has been used to differentiate between healthy and injured
Nonlinear analysis populations, establishing its potential as an indicator of healthy gait and a new objective measure
Rehabilitation

to assess gait function following injury. For LDS to be a reliable assessment tool of healthy gait

Ez:nainzalysls progression during rehabilitation, it must provide consistent and sensitive inter-session measures.
Injury & Methodological factors such as trial duration, gait variable, and Lyapunov Exponent (LyE) al-

gorithm can influence LDS estimation and its reliability. Young people are a high-risk population
for sport-related injuries, and running is a key activity during rehabilitation and is regularly
assessed. Therefore, the effects of run duration, gait variable, and LyE algorithm choice on the
reliability and sensitivity of inter-session LDS measures in young people were investigated.
Sixteen healthy participants ran on a treadmill on two separate sessions (difference of 7 + 5
days). LDS was calculated using both the Rosenstein and Wolf algorithm for durations of 1-, 2-, 3-,
4- and 5-min of knee flexion angle and medio-lateral acceleration of the pelvis and thorax from
each session. The relative and absolute reliability between sessions was calculated using the
intraclass correlation coefficient and standard error of measurement. The sensitivity of inter-
session LDS change was quantified by the minimal detectable change. Results showed that
longer run durations produced higher relative reliability and a minimum run duration of 4 min is
recommended to achieve moderate-to-good inter-session reliability across all gait variables and
LyE algorithms. However, shorter durations of 2-3 min may still be sufficient when using medio-
lateral pelvis acceleration or knee flexion angle, particularly with the Rosenstein algorithm,
which also improves sensitivity to change. These findings provide practical guidance for meth-
odological choices when calculating LDS in young people during running and support their

Abbreviations: ), Lyapunov exponent (Unit of information = natural logarithms per second); 95 %CI, 95 % confidence intervals; ICC, Intraclass
correlation coefficient; KFA, Knee flexion angle; KFAdom, Knee flexion angle of the dominant leg; KFAndom, Knee flexion angle of the non-
dominant leg; LDS, Local dynamic stability; LyE, Lyapunov exponent; MDC, Minimal detectable change; PelvisML, Pelvis segment centre of mass
medio-lateral linear accelerations; PRS, Preferred running speed; PTS, Preferred transition speed; SEM, Standard error of measurement; ThoraxML,
Thorax segment centre of mass medio-lateral linear accelerations.
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potential use as reliable tools for monitoring gait function and tracking rehabilitation progress in
young people following injury.

1. Introduction

Local dynamic stability (LDS) of gait is a construct with the potential to objectively assess movement function and reflects a
system’s ability to manage small internal perturbations derived from sensory inputs or neuromuscular noise (Bruijn et al., 2013; Full,
2002). Thus, a lack of LDS may lead to undesired movement strategies and potential injury, and may also be indicative of lower limb
injury (Strongman & Morrison, 2020). Differences in LDS of walking gait between healthy and injured individuals have been reported
(Afonso De Oliveira et al., 2019; Mahmoudian et al., 2016; Moraiti et al., 2010), highlighting LDS as a potential indicator of healthy
gait function. Furthermore, changes in LDS of walking have been seen over time during rehabilitation from injury (Afonso De Oliveira
et al., 2019; Castiglia et al., 2024; Hilfiker et al., 2013), emphasising that LDS measures might provide additional insight into an
athlete’s recovery and readiness to return to sport. However, despite return to running being a key goal when returning to sport and its
monitoring a common clinical assessment (Bramah et al., 2024; Buckthorpe et al., 2020; Myer et al., 2006), there is a paucity of studies
investigating LDS during running. Furthermore, young people are a high-risk population for sport-related injury (Conn et al., 2003;
Kisser & Bauer, 2012). The impact of injury affects both their acute (physical activity participation) and chronic (early osteoarthritis)
physical health (Ardern et al., 2014; Whittaker et al., 2015), and so a successful return to physical activity is paramount. Therefore,
strategies to provide measures of healthy movement in a sporting context i.e. running, for young people would be impactful.
Furthermore, there is a lack of studies investigating LDS in young people specifically.

LDS of gait can be estimated by calculating the largest Lyapunov exponent (LyE or 1) of a time series (e.g., joint angle or segment
acceleration). The LyE of a time series is an assessment of the divergence in movement trajectories from one stride to the next (Stergiou,
2016). Too much or too little divergence suggests a system that lacks adaptability to deal with perturbations, producing movement
patterns for gait kinematics that have the potential to cause falls or injury (Bartlett et al., 2007; Stergiou & Decker, 2011). Commonly
assessed running-gait kinematic variables in the estimation of LDS are knee flexion angle (KFA) and trunk movement (Hunter et al.,
2023; Winter et al., 2023). Further, medio-lateral trunk movement may be a more specific choice as it is crucial for gait stability,
relying on neuromuscular control, while other planes are stabilized by the musculoskeletal system (Allet et al., 2012). Additionally,
KFA adjustment and neuromuscular control are also vital for maintaining joint stability particularly after knee injury (Schrijvers et al.,
2021; Sharifi & Shirazi-Adl, 2021).

The investigation into the reliability of LDS measures during running would inform the potential application of LDS as a repeated
measure of running function e.g. in young athletes who are rehabilitating to sport. It has been suggested that methodological choices
such as LyE algorithm, trial duration, and gait variable affect the reliability of LyE calculation (Kang & Dingwell, 2006; Raffalt, 2018;
Reynard & Terrier, 2014). For example, Raffalt (2018) assessed the inter-session reliability of LDS during walking using knee flexion
angle (KFA) and sacrum position, using two LyE algorithms: Rosenstein (Rosenstein et al., 1992) and Wolf (Wolf et al., 1985). LDS
estimated using the Rosenstein algorithm demonstrated good-to-excellent reliability while the Wolf algorithm estimates of LDS pro-
duced poor reliability. The LDS of KFA was more reliable than the LDS of sacrum position, regardless of algorithm. Conversely, other
studies have shown that good-to-excellent inter-session reliability of LDS can be achieved with the Wolf algorithm (Nazary-Moghadam
et al., 2020) and also with trunk variables (i.e., acceleration of the sacrum and sternum) (Ekizos et al., 2018; Fohrmann et al., 2022).
Conflicting results such as these make methodological choices difficult when the goal is to reliably measure LDS. However, there is
agreement that longer trials or analysing more strides improves the reliability of LDS measures (Kang & Dingwell, 2006; Reynard &
Terrier, 2014). However, identifying a minimum trial duration, which elicits good reliability, would help minimise any potential
burden placed on participants e.g. injured athletes undergoing repeat LDS assessments during rehabilitation.

Determining the effect of trial duration, gait variable, and LyE algorithm on the between-session sensitivity and reliability of LDS
during running in young people, would not only add to the growing body of knowledge that focuses on LyE calculation parameter
choices; but would inform future calculations of repeat LDS measures in young populations during running. Therefore, the aim of this
study is to assess how run duration, gait kinematic variable, and LyE algorithm selection influence the inter-session reliability and
sensitivity of LDS in a young population during running.

2. Methods
2.1. Participants

Sixteen healthy young people who competed in sports at least once a week, participated in the study after giving informed consent
or informed assent with parental consent where required; all procedures were approved by both Sheffield Hallam University and La
Trobe University’s Research Ethics Committee (ER34023326). After examining LyE distribution boxplots one participant was removed
as an outlier as they consistently produced values of >1.5 the inter quartile range and was also identified as the only athlete who
competed in a sport that did not involve running (i.e., dancing). The remaining 15 participants (8 female, 7 male; age = 15 + 2 years
old; height =175 + 8 cm; mass = 65.3 4 10.7 kg) were free from any neuromuscular pathology or injury that could affect their gait. A
priori power analysis using G*Power 3 (Faul et al., 2007) was performed based on a previous effect size ICC = 0.6 (Reynard & Terrier,
2014), with a power of 80 % and a significance level of 0.05, and a sample size of 15 participants was considered suitable.
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2.2. Protocol

Participants ran on a treadmill (Precor TRM-731, Amer Sports Ltd) for 5.5 min at a self-selected preferred running speed (PRS) and
repeated this at a second session at least 48 h later (mean 7 + 5 days). PRS was determined using a “method of limits” (Treutwein,
1995) design, similar to a previously reported protocol (Dingwell & Marin, 2006). Starting from a preferred walk-run transition speed
(PTS) (mean 7.0 + 0.4 km/h) the treadmill speed was increased by 0.1 km/h every 2 s until the participant reported it was faster than a
preferred running speed. Speed was then increased by 0.5 km/h before being decreased by 0.1 km/h every 2 s until the participant
reported it was slower than a preferred running speed. The mean of the two self-reported speeds was determined as the PRS (mean 9.0
=+ 1.1 km/h). The protocol started at the PTS to ensure a PRS was selected substantially higher than the PTS as running near to the PTS
is known to affect LDS (Jordan et al., 2006).

2.3. Procedures

The three-dimensional position of 19 reflective markers, 2 shank (3 marker) and 2 thigh (4 marker) cluster sets attached to the
participant (Fig. 1) was recorded using an 8-camera motion capture system (Miqus M3, Qualisys, Goteborg, Sweden) at a sampling
frequency of 200 Hz. A 10-s static standing trial was first recorded to model body segments, after which the femur medial epicondyle
and tibia apex of medial malleolus markers were removed for the running trials (Fig. 1).

2.4. Data processing

Knee Flexion Angle of the dominant (KFAdom) and non-dominant (KFAndom) limb, and medio-lateral linear accelerations of the
pelvis (PelvisML) and thorax (ThoraxML) were determined as gait variables. These were selected as they have been commonly used to
assess the LDS of running gait (Hunter et al., 2023; Winter et al., 2023). Furthermore, medio-lateral trunk movement is crucial for gait
stability, relying on neuromuscular control, while other planes are stabilized by the musculoskeletal system (Allet et al., 2012).
Additionally, KFA adjustment and neuromuscular control are vital for maintaining joint stability after knee injury (Schrijvers et al.,
2021; Sharifi & Shirazi-Adl, 2021). All gait variables were calculated using raw marker positional data, as filtering can affect the
calculation of LyE by removing vital information about the system (Raffalt et al., 2020). Body segments were modelled using a six

@© 3D Motion Capture Markers
Thorax
SJN: Deepest Point of the Sup nal Notch (Inci Jugularis)
TV2: spinal Process of the 2nd Thoracic Vertebra
TV10: Spinal Process of the 10th Thoracic Vertebra
Pelvis
RIAS: Right Anterior Superior lliac Spine
LIAS: Left Anterior Superior lliac Spine
RIPS: Right Posterior Superior lliac Spine
LIPS: Left Posterior Superior lliac Spine
Thigh
RTH1-4: Right Lateral Thigh 4-marker Cluster Set
LTH1-4: Left Lateral Thigh 4-marker Cluster Set
RFLE: Right Femur Lateral Epicondyle
RFME: Right Femur Medial Epicondyle *
LFLE: Left Femur Lateral Epicondyle
LFIVIE: Left Femur Medial Epicondyle *
Shank
RSHK1-3: Right Lateral Shank 3-marker Cluster Set
LSHK1-3: Left Lateral Shank 3-marker Cluster Set
RFAL: Right Fibula Apex of Lateral Malleolus
RTAM: Right Tibia Apex of Medial Malleolus *
LFAL: Right Fibula Apex of Lateral Malleolus
LTAM: Left Tibia Apex of Medial Malleolus *

Foot
RTOE: Right Foot 2nd & 3rd sal Head
LTOE: Left Foot B 2nd & 3rd M | Head

RFCC: Right Foot Posterior Surface of Calcaneus
LFCC: Left Foot Posterior Surface of Calcaneus

* Marker only used for static calibration and removed before
running
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AR,

RTOE TTOE LFCC RFCC

Fig. 1. Locations of the 19 reflective markers, shank and thigh cluster sets used for 3D motion capture analysis.
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degrees of freedom segment optimisation algorithm provided by Visual3D (C-Motion Inc., USA). A 3-marker model (Armand et al.,
2014) was used for the thorax and the Visual3D ‘CODA’ model for the pelvis. PelvisML and ThoraxML were defined as the medio-
lateral linear accelerations of the respective segment centre of mass and were exported from Visual3D. KFA was defined as a Car-
dan angle from the transformation of the shank segment to the thigh segment. The dominant limb was selected as the leg with which
participants preferred to strike a football (van Melick et al., 2017). Time series data were down sampled to 50 Hz for computational
efficiency during the subsequent data analyses and was deemed adequate by examining spectral density plots. The first 30 s of each
time series was cropped to remove any gait-initiation effects, after which the remaining 5-min trial was cropped further into 4-, 3-, 2-
and 1-min durations each starting from the same first data point (Fig. 2).

For each duration the total number of complete strides were calculated using the heel strikes indicated by the first local minima
following each peak KFA in the KFAdom data. The minimum number of strides needed to account for any effect of noise is 50
(Mehdizadeh & Sanjari, 2017) and the 1-min trial duration met this minimum (Table 1). All trial durations for all gait variables were
then cropped from the first to the last available heel strike. All gait variables across all participants were then further cropped and
resampled to a consistent number of strides and data points corresponding to the minimum number of strides and maximum number of
data points calculated for each trial duration (Table 1). Resampling was applied using MATLAB linear interpolation function ‘interp1’.
This temporal normalisation removes any effect of differing gait speeds, allowing a flexible number of data points per stride while
maintaining the temporal structure of each individual stride (Hussain et al., 2021).

2.5. LyE calculation

Each time series was reconstructed in a state space by using the mean time delay (t = 5) and embedding dimension (m = 6) these
values remained consistent between sessions and were calculated across all participants, gait variables, and durations. The time delay
was calculated from the first minimum of the average mutual information function (Fraser & Swinney, 1986) and the embedding
dimension through a global false nearest neighbours analysis (Kennel & Isabelle, 1992).

LyE was calculated from the reconstructed state space using both the Rosenstein and Wolf algorithms. Briefly, both algorithms
estimate LyE by calculating the Euclidean distances between nearest neighbouring points on separate trajectories within the state
space and calculating the trajectory divergence rate (i.e., rate of separation of these points over time). However, the algorithms differ in
their approach. For the Rosenstein algorithm, an initial two neighbouring points were tracked along their separate trajectories within
the state space and the natural logarithm of the distance between them was calculated at each point until the end of the time series.
This was repeated for all initial neighbouring points in the state space after which the natural log of the average distance located at
each similar point was plotted against time. The LyE was then estimated as the slope of a linear fit line on the average log divergence
curve. The linear fit line was applied over 22 data points (the mean number of data points in 0.5 strides across all participants and
sessions). For the Wolf algorithm, a reference trajectory was selected as the trajectory on which one of an initial two neighbouring
points were located. The divergence between trajectories was then calculated after a pre-determined evolution time (22 data pointsi.e.
0.5 strides), as the natural logarithm of the evolved distance between neighbouring points divided by their original distance. This
continued until the distance and angular separation between points exceeded a pre-determined value at which point a new nearest
neighbouring point to the reference trajectory point was selected. This process was repeated until the end of the time series. The
maximum scaled distance used was equal to the range of the data divided by 10, and the maximum angular separation was 0.2 rad
(Wolf et al., 1985). The LyE was then calculated as the mean of all the calculated divergences.

All data processing and LyE calculation was performed in MATLAB (version: 9.13.0 (R2022b), Natick, Massachusetts: Mathworks
Inc) using custom scripts adapted from the UNO Biomechanics Nonlinear Analysis Toolbox (UNO Biomechanics, 2023).

2.6. Statistical analysis

The relative and absolute inter-session reliability of LyE, for each run duration, gait variable, and LyE algorithm combination, was

| Session 1 | Session 2

[ 5 min 30 sec ] [ 5 min 30 sec ]
[ 5 min ] [ 5 min ]
[ 4 min ] ‘ [ 4 min ]
[ 3 min ] \ [ 3 min ]
)
l 1 min l \ | 1 min l

Fig. 2. The duration of gait data collected in each session and how the data was later cropped into 1-, 2-, 3-, 4-, and 5-min durations.
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Table 1
The minimum number of strides and maximum number of data points collected
across all participants and sessions for each duration.

Duration Strides Data Points
1-min 68 2929

2-min 138 5929
3-min 209 8938

4-min 280 11,949
5-min 350 14,954

assessed using Intraclass Correlation Coefficients (ICC) and Standard Error of Measurement (SEM), respectively. ICC3 1) estimates and
their 95 % confident intervals (95 %CI) were based on a single trial measure, absolute-agreement, 2-way mixed-effects model. ICC
values were classified as follows: below 0.5 (poor), 0.5 to less than 0.7 (moderate), 0.7 to less than 0.9 (good), and 0.9 or higher
(excellent)(Koo & Li, 2016). The square root of the mean square error between sessions across all participants i.e. the variance within
individuals, was used to calculate the SEM (Weir, 2005). The minimal detectable change (MDC), which is defined as the minimum
change between sessions within an individual that can be considered a real change in LDS i.e. repeat measure sensitivity, was
calculated as 1.96 x \/ 2 x SEM (Atkinson & Nevill, 1998). The MDC was then normalised by the mean test-retest LyE value and
expressed as a percentage which allows the MDC to evaluate the degree of absolute change within an individual and enables easier
comparison across studies. All statistical analysis was performed using SPSS (SPSS Inc., Chicago, IL) with alpha set to 0.05.

3. Results
3.1. Run duration

Durations of 1-, 2-, and 3-min exhibited poor to good relative reliability, with ICCs across both algorithms and all gait variables
ranging from 0.14 to 0.79, 0.5 to 0.82, and 0.38 to 0.87, respectively (Fig. 3). Durations of 4- and 5-min exhibited moderate to good
relative reliability, with ICCs ranging from 0.62 to 0.85 and 0.61 to 0.84 respectively (Fig. 3). For absolute reliability, durations of 1-,
2-, 3-, 4-, and 5-min showed a maximum SEM of 0.63, 0.51, 0.56, 0.36, and 0.36 XA (Fig. 4); and a maximum MDC of 65 %, 64 %, 76 %,
50 %, and 52 % correspondingly (Fig. 5), across both algorithms and all gait variables.

3.2. Gait variable

Across all durations and algorithms, KFAndom, PelvisML, and ThoraxML exhibited poor to good relative reliability with ICC ranges
of 0.49 to 0.87, 0.14 to 0.85, and 0.18 to 0.76 respectively. KFAdom showed moderate to good relative reliability, with ICCs ranging
from 0.59 to 0.78 (Fig. 3). From 2-min onwards KFAndom showed moderate to good relative reliability (0.6-0.87) and PelvisML
showed good relative reliability (0.72-0.85). From 4-min onwards all gait variables showed moderate to good relative reliability
(Fig. 3).

For absolute reliability and measure sensitivity, KFAdom, KFAndom, PelvisML, and ThoraxML exhibited maximum SEMs of 0.16,

g
o9 Sl i —T 1 = - T+—
a J 1! I r I 1 ¢
3 1
0.7 1 8 8 !
A ‘ T s l.l]
8 ! ; .I. I 1 A
o0 2 7 I 1 A J :
0.5 $
« L T A 1 [ e E = s
0as ) 4 cs g 228
S o3 ! € £ o2 E
1 WOLF* + + +
92 ¢ 4 1 |
0.1 rosed0 & O A
0 !
-0.1
-0.2
-0.3
-0.4
-0.5
1-minute 2-mi 3-mi 4-minute 5-minute

Fig. 3. ICCs and their 95 % confidence intervals for every combination of run duration, gait variable and LyE algorithm.
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Fig. 4. SEM for every combination of run duration, gait variable and LyE algorithm. Lower values represent greater absolute reliability.

80

70

60

50 A &

40 L

O @ relvismL

MDD (%)

L g

3

<}

|
O ‘ KFAndom
D > ThoraxML

30 A i a ]

20 ®

L 2
[ ]
o o
®0

10 o

1-minute 2-minut 3-mi 4-minute 5-minute

Fig. 5. MDD for every combination of run duration, gait variable and LyE algorithm. Lower values represent greater measure sensitivity to change
in LyE.

Table 2
Mean LyE + standard deviation for each gait variable and run duration for both algorithms.
1 min 2 min 3 min 4 min 5 min

Rosenstein
KFAdom 2.21 £0.22 2.44 +£0.21 2.53+£0.24 2.61 £0.25 2.67 £0.26
KFAndom 2.28 £ 0.19 2.48 +0.19 2.59 +0.20 2.66 + 0.23 2.73 +£0.23
PelvisML 0.32 = 0.06 0.35 + 0.05 0.36 = 0.05 0.37 £ 0.06 0.37 £ 0.06
ThoraxML 0.29 £+ 0.05 0.32 £+ 0.04 0.33 £ 0.03 0.33 £ 0.03 0.34 + 0.04
Wolf
KFAdom 1.10 + 0.32 1.12 £+ 0.21 1.14 £ 0.21 1.17 £ 0.23 1.20 = 0.24
KFAndom 1.08 £ 0.26 1.08 £ 0.24 1.11 £0.22 1.17 £0.21 1.20 £0.21
PelvisML 3.28 £ 0.33 3.26 £+ 0.56 3.21 £ 0.48 3.16 £ 0.54 3.16 £ 0.46
ThoraxML 2.68 + 0.68 2.21 £0.74 2.04 £ 0.70 2.01 + 0.62 1.94 + 0.57
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0.18, 0.31, 0.63 A (Fig. 4); and a maximum MDC of 41 %, 45 %, 27 %, and 76 % correspondingly (Fig. 5).
3.3. LyE algorithm

Both the Rosenstein and Wolf algorithms exhibited poor to good relative reliability across all trial durations and gait variables, with
ICCs ranging from 0.45 to 0.87 and 0.14 to 0.84, respectively (Fig. 3). For absolute reliability and measure sensitivity the Rosenstein
and Wolf algorithms showed SEMs ranging from 0.02 to 0.16 and 0.09 to 0.63 A respectively (Fig. 4); and MDCs ranging from 8 to 30 %
and 19-76 % respectively (Fig. 5).

Grand mean LyE values across both sessions are provided in Table 2.

4. Discussion

The aim of this study was to assess how run duration, gait kinematic variable, and LyE algorithm selection influence the inter-
session reliability and sensitivity of LDS in a young population during running. This study demonstrates that increasing run dura-
tion improved the inter-session reliability of LDS measures, with a minimum of 4 min needed to achieve moderate to good reliability
regardless of gait variable or algorithm choice. However, the reliability of medio-lateral pelvis acceleration was good from 2 min
onwards regardless of algorithm, highlighting how gait variable choice can influence reliability. Furthermore, algorithm choice
affected absolute reliability and sensitivity, whereby applying the Rosenstein algorithm produced lower SEM and MDC when
compared to the Wolf algorithm. Therefore, when assessing repeat LDS measures inter-session in young people during running,
analysing a minimum of 4-min of data is suggested. In addition, selecting medio-lateral pelvis acceleration or KFA variables may allow
for shorter run durations whilst retaining reliability and applying the Rosenstein algorithm could help to produce measures more
sensitive to change.

This study identified that when assessing LDS in young people during running, longer durations are preferable to enhance the inter-
session reliability. However, identifying the shortest duration with the minimum acceptable reliability could reduce the time and effort
required to collect data and thus, be preferred in clinical use. Based on our results, the minimum run duration required to achieve
moderate to good reliability regardless of gait variable and LyE algorithm choice is 4 min. This is represented by tighter 95 %CI from 4
min (280 strides) onwards (Fig. 3). When distinguishing between gait variables, KFAdom was not affected by duration and produced
moderate to good reliability for all durations. KFAndom achieved this with trials of at least 2 min (138 strides) from which PelvisML
consistently achieved good reliability. This supports previous studies which reported moderate to excellent inter-session reliability
(ICC > 0.5) using durations of 95 s to 3 min (Hamacher et al., 2016; Nazary-Moghadam et al., 2020) and 100-170 strides (Fohrmann
et al., 2022; Raffalt et al., 2018) when assessing knee angle and sacrum variables. However, in the current study only PelvisML
analysed using the Rosenstein algorithm produced 95 %CI consistently above the moderate reliability baseline from 3 min onwards,
suggesting this combination may be preferable to confidently achieve moderate reliability. It should be noted that although only the
Rosenstein algorithm produced 95 %CI above the moderate baseline, distinguishable differences between algorithms were not
apparent. This was due to Rosenstein ICC point estimates falling within the bounds of the Wolf 95 %CI. These results suggest that a
minimum of 4 min is needed to achieve moderate reliability regardless of the gait variable or algorithm, yet a choice of gait variable
can potentially reduce this minimum time requirement. For instance, moderate reliability was achieved using 2-min trial durations for
KFA, and good reliability achieved using 3-min durations for medio-lateral pelvis acceleration which produced more favourable 95 %
CIs when using the Rosenstein algorithm. Therefore, when selecting a minimum run duration to measure LDS in a young population,
practitioners should be guided by their research question and account for other methodological choices.

This study found differences in reliability between gait variables, further emphasising the importance of informed decision making
in the calculation of LDS in young people. For instance, this study found that 2-3 min (138-209 strides) using the Rosenstein algorithm
produced good reliability (ICC = 0.73-0.82) for pelvis, but only moderate to good (ICC = 0.59-0.87) for KFA. In contrast, a similar
investigation found that the reliability of KFA was excellent (ICC = 0.92) and medio-lateral sacrum displacement (pelvis) was good
(ICC = 0.68) for 170 strides of walking with the Rosenstein algorithm (Raffalt et al., 2018). This disagreement in KFA reliability may be
explained by the LDS differences in walking and running. Raffalt et al. (2018) assessed walking which produces less variable movement
and leads to higher reliability than running (Ekizos et al., 2018; Jordan et al., 2009). This is reflected in the mean KFA LyE value (1.18
A) reported by Raffalt et al. (2018), which is lower than the current study’s range of 2.44-2.59 A (Table 2). This suggests that sacrum or
pelvis gait variables may be a more robust choice to achieve reliable results when assessing LDS during running. This premise is
supported further by how much stronger the effect of run duration was on pelvis medio-lateral acceleration LDS than other gait
variables. The ICC for pelvis medio-lateral acceleration, from 2 min using the Wolf algorithm and 3 min using the Rosenstein algo-
rithm, were outside and above the 95 %CI at 1 min. This highlights how longer durations of pelvis data produce significantly more
reliable results than shorter durations, whereas other gait variables may not. Therefore, medio-lateral pelvis acceleration may offer
superior reliability over KFA or medio-lateral thorax acceleration, particularly with run durations greater than 3 min.

The findings of this study suggest the choice of LyE algorithm has no clear effect on the relative reliability of LDS. As shown in
Fig. 3, 95 %CI overlapped between algorithms indicating no meaningful differences were observed when analysing KFA and PelvisML.
Both algorithms produced moderate to good reliability with similar 95 %CI for durations of greater than 1-min. This contradicts
previous literature that reported the superiority of the Rosenstein algorithm, which produced good and excellent reliability for pelvis
and KFA variables, respectively, while the Wolf algorithm produced poor reliability for both (Raffalt et al., 2018). However, this
disparity in results may be due to Raffalt et al.’s inclusion of participants with knee osteoarthritis, who demonstrate differences in LDS
to healthy controls (Fallah Yakhdani et al., 2010; Mahmoudian et al., 2016). Therefore, the Wolf algorithm may not produce reliable
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results in populations with knee pathology, perhaps due to added gait instability creating noisier signals which the Rosenstein al-
gorithm may be more robust to (Rosenstein et al., 1992). Therefore, future researchers should be guided by their research population
when deciding which LyE algorithm to use. It is possible that the Rosenstein algorithm may be best suited for assessing KFA and pelvis
LDS in those rehabilitating from knee injury, although further research is needed.

If LDS measures are to be used to assess changes in gait function (e.g. during rehabilitation from injury) then the ability to assess
changes within an individual both reliably and sensitively is crucial. Therefore, acceptable absolute inter-session reliability (i.e. low
SEM) and repeat measure sensitivity (i.e. low MDC), is desirable. In this study, the choice of LyE algorithm and duration was shown to
affect the SEM and MDC but influenced gait variables differently. The SEM of KFA measures were not affected by algorithm or
duration, shown by the consistent values across durations and between algorithms (Fig. 4). The MDC of KFA followed a similar trend
except when using the Wolf algorithm and durations of 1-min, whereby slightly worse MDC values were seen (Fig. 5). Generally, MDC
for all variables was only affected by duration when analysed using the Wolf algorithm highlighting how the Rosenstein algorithm may
be better suited for shorter durations. The Rosenstein algorithm’s superiority over the Wolf algorithm for short data sets has been
contested in the literature (Bruijn et al., 2012; Cignetti et al., 2012a, 2012b), with no clear recommendation of an optimal choice.
However, use with short data sets was the rationale for its original development (Rosenstein et al., 1992). Furthermore, this study
showed that in young people during running, the SEM of trunk variables (PelvisML and ThoraxML) were heavily affected by algorithm
choice, with the Rosenstein algorithm generally producing lower values than Wolf (Fig. 4). Further, ThoraxML showed notably poorer
SEM and MDC when using the Wolf algorithm (Fig. 4 and 5). Therefore, when assessing repeat measures of LDS in a young individual
during running the use of either KFA or PelvisML may be more reliable, and the Rosenstein algorithm is more preferable for shorter
durations.

It would be useful for future clinical use of repeat LDS measures in young people to discern any ‘real’ change in LDS from an
expected normal change i.e. any change in LDS that is not due to systematic error. The results of this investigation show the MDC for
PelvisML and KFA variables with durations of 3 to 5-min ranged from 8 to 24 % for the Rosenstein algorithm and 20 to 31 % for the
Wolf algorithm (Fig. 5). This indicates a conservative expected variation of 24 % and 31 % between repeat LDS measures using the
Rosenstein and Wolf algorithm, respectively. There are a lack of MDC values to compare to in the literature, however, using reported
SEM and mean LyE values from studies with similar methods (Raffalt et al., 2018; van Schooten et al., 2013), a MDC of 17 to 33 % was
calculated which aligns with the variation reported in this study (24 %). Therefore, future researchers and clinicians assessing session-
to-session differences in medio-lateral pelvis acceleration and KFA LDS during running in young people can use these values to
determine whether a measured change reflects a ‘real’ change or is merely due to error.

4.1. Limitations

This study suggests higher absolute reliability of trunk LyE estimates when using the Rosenstein algorithm than the Wolf algorithm.
However, it has been argued that the Rosenstein algorithm might underestimate the magnitude of LyE due to limitations in its methods
(Cignetti et al., 2012a). Low LyE values have the potential of a floor effect which may restrict the extent to which estimates can vary
from session to session, in turn increasing the reliability. The low LyE values reported for trunk variables when analysed by the
Rosenstein algorithm (Table 2) may support this and could explain the high reliability seen in these variables. The Rosenstein algo-
rithm may simply be less sensitive in detecting changes in LDS within an individual. An ultimate consensus on which algorithm is most
reliable for measures of LDS has still not been reached and algorithm choice should be driven by the research question, methodology,
and population being studied. Therefore, the current findings can still be directly applied to assessing change in LDS specifically during
running within a young population.

Further, the methods used in this study may only be applicable to athletes that compete in sports that involve running. The
exclusion of a participant whose data was identified as an outlier and who was the only athlete to participate in a sport which did not
involve running may support this. Therefore, the results are not generalisable to athletes in non-running sports and further work should
explore the reliability of LDS in other movements e.g. jumping and hopping.

This study used an average inter-session period of 7 days. Therefore, the results may not be applicable in situations requiring longer
durations between measurements (e.g. rehabilitation from injury). However, a duration of 7 days helps eliminate any effect of irregular
activity levels that may be seen over longer durations in healthy athletes due to seasons, training load, and competitions.

5. Conclusion

This study found that longer running durations enhanced the inter-session reliability of LDS in healthy active young people and
provides a recommended run duration of 4 min. Yet, the choice of medio-lateral pelvis acceleration or KFA variables may allow shorter
trials to be collected, and applying the Rosenstein algorithm could help to produce measures more sensitive to change. The findings of
this study can be used by those examining change in LDS of young people during running to ensure more robust and reliable results.
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