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Objectives:  Appropriate  statistical  analysis  of  clustered  data  necessitates  accounting  for  within-
participant  effects  to ensure  results  are  repeatable  and  translatable  to real-world  applications.  This  study
aimed  to compare  statistical  output  and  injury  risk  interpretation  differences  from  two  statistical  regres-
sion  models  built  from  a clinical  movement  sidestepping  database.  A “naïve”  regression  model,  which
does  not account  for within-participant  effects,  was  compared  with  an  appropriately  applied  mixed
effects  model.
Design: Comparative  study.
Methods:  Three-dimensional  unplanned  sidestepping  joint  angle  data  (trunk,  hip, and  knee)  from  35
males  (112  observations)  were  used  to model  peak  knee  valgus  moments  and  anterior  cruciate  ligament
injury  risk  during  the  impact  phase  of  stance.  Both  statistical  models  were  cross-validated  using  a k-fold
analysis.
Results:  The  naïve  regression  returned  inflated  goodness  of  fit  statistics  (R2 = 0.50),  which  was  evident
following  cross-validation  (predicted  R2 = 0.43).  Following  cross-validation,  the  mixed  effects  model  (pre-
dicted  R2 =  0.40)  explained  a similar  amount  of  variance,  despite  containing  three  less  predictors.  The
naïve  model  produced  inaccurate  parameter  estimates,  overestimating  the  effects  of certain  kinematic
parameters  by  as much  as  79 %.

Conclusions:  A regression  model  naïvely  applied  to clustered  observations  of  sidestepping  data  resulted  in
erroneous  parameter  estimates  and  goodness  of  fit statistics  which  have  the  potential  to mislead  future
research  and  real-world  applications.  It is important  for sport  and  clinical  scientists  to  use  statistically
appropriate  mixed  effects  models  when  modelling  clustered  motion  capture  data  for  injury  biomechanics
research  to  protect  the  translatability  of  the findings.

©  2018 Sports  Medicine  Australia.  Published  by  Elsevier  Ltd.  All  rights  reserved.
. Introduction

Statistics are a vital component of the philosophy and appli-
ation of the scientific method. The primary purpose of statistics
ithin science is to test a-priori hypotheses of pre-defined test-
opulations.1 The results from these analyses are estimates, often
eneralised beyond the sample of data used within the origi-
al statistical model. To ensure results are both repeatable and
eneralisable at the population level, statistical models must be

ppropriate for the test-population investigated, the research ques-
ion posed, and the study design in which they are applied.

∗ Corresponding author.
E-mail address: jonathan.staynor@research.uwa.edu.au (J.M.D. Staynor).

ttps://doi.org/10.1016/j.jsams.2018.10.006
440-2440/© 2018 Sports Medicine Australia. Published by Elsevier Ltd. All rights reserve
Within the fields of biomechanics and sports medicine, dynamic
movement patterns and postures are often linked to joint and tis-
sue loading along with musculoskeletal and ligament injury risk.
Regression models are a useful form of statistical analysis which
model how multiple independent variables relate to a dependent
variable. These statistical models have been utilised within biome-
chanical anterior cruciate ligament (ACL) injury research to model
associations of multiple injury risk factors (e.g., joint and segment
kinematics) with a surrogate measure of injury risk (e.g., peak tissue
loading).2–4 These injury risk associations are then used to inform
injury interventions.5 It is therefore important that sound statistical
methods are used to promote efficacy when generalising findings
to the wider community.
Clustered datasets contain multiple observations for each par-
ticipant and maximise the effective power of the sample used in a
study.6 However, when analysing clustered datasets, care should

d.
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e taken to account for correlations that exist between multi-
le observations from an individual.7 Examples where regression
odels have been implemented inappropriately for injury biome-

hanics data containing clustered observations can be found in the
iterature. For example, a limitation of a previous study, which asso-
iated sidestepping technique with ACL injury risk, was  the use of a
egression analysis which incorrectly assumed clustered observa-
ions were independent.2 Other ACL injury studies have reported
ollecting multiple observations of movement from each partic-
pant, without clearly specifying whether clustered observations

ere considered independent within the analyses.3,4 Analyses that
on’t account for within-participant effects present in clustered
ata, limit the ability to apply reported injury risk associations to

ndividuals or populations external to the participants included in
he analyses.8

Mixed effects models contain both random and fixed effects,
nd are useful in settings where measurements are made on clus-
ers of related observations.8 These models can include random
ffects to account for inherent correlations between clustered
ata. Moen and colleagues8 tested the effect of statistically mod-
lling within-subject effects for the treatment of neurons in mice.
hey found that “naïve statistical models”, which incorrectly mod-
lled clustered observations as independent, produce incorrect
odel parameter estimates when compared with an appropriately

pplied mixed effects model.8 Additionally, a study comparing a
ariety of analyses for clustered data found a higher probability of
ecording a false-positive finding when analyses did not correctly
ccount for correlations between clustered observations.9 It is
nown that clustered observations, which are incorrectly assumed
o be independent, lead to erroneous statistical outputs.8,9 How-
ver, it remains unclear what effect incorrect statistical modelling
ssumptions have on the clinical interpretation of biomechanical
njury research findings, and by extension, their future scientific
nd real-world applications.

The purpose of this study was to compare statistics and
nferences from results of a naïve and an appropriately applied
egression model applied to a sample of clustered unplanned
idestepping data. Joint and segment kinematics previously linked
o ACL injury risk3,10,11 will be used to predict peak knee valgus

oments (PKVM) during weight acceptance. We  hypothesise that
 naïve statistical model,8 in the form of a backwards multiple
egression, will return parameter estimates that differ to the appro-
riately applied model. Where differences in the included model
arameters are found between the two statistical approaches, we
iscuss the potential effects these differences may have on clinical

nterpretations and real-world applications. Secondly, we  hypothe-
ise that a naïve statistical model will overestimate model goodness
f fit statistics. This will be determined by comparing goodness of
t measures of the naïve model within the sample population to

ts performance following cross-validation. Lastly, it is hypothe-
ised that following cross-validation the mixed-effects approach
ill have superior goodness of fit statistics to the cross-validated
aïve model.

. Methods

Three-dimensional kinematic and kinetic data from 35 right-leg
ominant male participants (age 22 ± 5 years, height 1.8 ± 0.3 m,
nd body mass 79.8 ± 9.4 kg) were used in the current analysis.
his sample comprises previously published data,12 and additional

npublished data using the same data collection protocols. Ethics
pproval was obtained from the Human Research Ethics Com-
ittee at the University of Western Australia (RA/4/1/5333 and

A/4/1/5713).
Medicine in Sport 22 (2019) 420–424 421

Participants completed a series of randomised planned and
unplanned straight-line runs, sidesteps and crossovers which is
detailed in a previous study.12 For the current analysis, only the
unplanned sidesteps were analysed. Retro-reflective kinematic
markers were placed according to an established full-body anatom-
ical joint model.13,14 Functional methods were used to identify
hip and knee joint centres.13 A three-dimensional camera sys-
tem consisting of 12 Vicon

®
MX  cameras (Oxford Metrics, Oxford,

UK) recorded kinematic markers at 250 Hz. An AMTI force plate
(Advanced Mechanical Technology Inc., Watertown, USA) syn-
chronously recorded ground reaction force (GRF) at 2000 Hz. Vicon
Nexus

®
(version 1.85) was used for the signal processing of the

kinematic and analogue data and to custom model the biomechan-
ical data. Both marker trajectory and GRF data were filtered at 15 Hz
using a zero-lag fourth-order Butterworth filter.12 The impact or
weight acceptance phase of stance was defined as when the verti-
cal ground reaction force exceeded 10 N through to the first trough,
which is typically observed in the first 20–30% of stance.15

Joint/segment angles were calculated for the trunk, hip, and
knee at foot contact (vertical GRF >10 N). All angles were calculated
as the angle of the child segment relative to the parent segment,
except for transverse-plane trunk rotation which was  relative to
the global three-dimensional coordinate system. Transverse-plane
trunk rotation towards the change of direction, and lateral trunk
flexion towards the stance limb were reported as positive angles.
Inverse dynamics was used to calculate externally applied knee val-
gus moments during weight acceptance, which were normalised
to each participant’s height (m)  and weight (N) and the peak was
recorded.

Analysis of clustered data was performed in SPSS Statistics
®

(version 24) (p < 0.05). For each statistical model; trunk, hip and
knee angles were entered as model parameters before performing
a backwards stepwise elimination process. A total of 113 unplanned
sidestepping observations, from 35 participants, were entered into
SPSS. Examination of the data found one trial containing an unre-
alistic PKVM measure (0.42) as per a systematic review of knee
kinematics and kinetics.16 This trial was removed, resulting in a
final participant sample of 35, with 112 observations.

Using the final sample, a backwards multiple regression was
performed. This regression analysis does not account for within-
participant effects present in the clustered data. The criterion
to remove parameters was  set to F ≤ 0.1. R2, adjusted R2, root
mean squared error (RMSE), F and p values were reported.
Non-standardised parameter estimates, confidence intervals and
p-values were reported for each parameter.

Using the final sample, an appropriately applied linear mixed
model was performed. Maximum likelihood estimation was  cho-
sen to allow the comparison of nested models. A random intercept
was calculated with participants entered as random effects. Three-
dimensional trunk, hip, and knee angles were entered as fixed
effects and the relative log-likelihood for the model was recorded.
Backwards elimination was  performed by sequentially removing
non-significant predictors. When a predictor was  removed, Wilk’s
likelihood ratio17 was used to test that the model before removing
a predictor did not explain a significantly greater distribution of
PKVM than the model after parameter elimination. The last model
which did not report significance in Wilk’s likelihood ratio test was
used as the final model. The linear mixed model does not output
the R2 statistic, however, the goodness of fit measure can be found
by testing against withheld data or through cross-validation.18

The backwards multiple regression model and the linear mixed
model were tested using a k-fold cross-validation, where k was

set to 10. This approach uses each observation once as a test vari-
able and nine times in the training sets to create model parameter
estimates.19 During each k-fold, fixed model parameter estimates
from the training set were applied to make marginal predictions
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Table 1
Mean and standard deviation of joint angles at foot contact and normalised peak
knee  valgus moments during weight acceptance.

Segment/Joint Variable Mean Standard deviation

Trunk
Flexion −10.2◦ 7.1◦

Lateral flexion 8.9◦ 4.2◦

Rotation −6.4◦ 9.8◦

Hip
Flexion 47.3◦ 7.5◦

Abduction 17.5◦ 8.2◦

Internal rotation 3.1◦ 8.2◦

Knee

Flexion 17.4◦ 8.2◦

Abduction 2.4◦ 3.7◦

Internal rotation 2.0◦ 9.4◦

PKVM 0.79a 0.53a

a Peak knee valgus moments (PKVM) are presented in scientific notation ×10−1
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Statistical modelling of ACL injury risk factors which does not
account for correlations between clustered observations is more
nd normalised to participant height (m)  and body weight (N).

f PKVM from observations in the test set. Paired samples t-tests
ere used to test for significant correlations between the estimated

KVM and measured PKVM. The R2 statistic reported from the
ross-validations is a predicted R2, which indicates the ability of
he model to be extrapolated to homogeneous populations outside
f the current sample.19

For both models, changes to each model parameter by one stan-
ard deviation were performed to assess the influence of each
arameter on the modelled dependent variable (PKVM).2 For each
arameter, the standard deviation of the measurement was multi-
lied with the relative parameter estimate and was reported as a
ercentage of the mean predicted PKVM (where all parameters are
et to the mean value from the sample).

. Results

The mean and standard deviation of joint kinematic measure-
ents at foot contact and PKVM during weight acceptance are

eported in Table 1. Knee kinematics and kinetics fall within
xpected ranges reported in previous sidestepping biomechanics
iterature.16 Trunk and hip angles were also similar to measures
eported previously.2,15

In the backwards multiple regression model; trunk lateral
exion, trunk rotation, knee flexion and knee internal rota-
ion at foot contact were removed, F(7,104) = 14.644, p < 0.001,
2 = 0.50, adjusted R2 = 0.46, RMSE = 0.27. Trunk lateral flexion,
runk rotation, hip internal rotation, knee flexion and knee
nternal rotation were removed from the linear mixed model
log-likelihood = −445.462, degrees of freedom = 6). There was no
ignificant difference in the variance of PKVM explained when
ompared with the preceding model (log-likelihood = −446.446,
egrees of freedom = 7). Knee abduction angle was  a significant
arameter in the naïve model but not in the linear mixed model. Hip

nternal rotation was a significant predictor in the naïve model but
as removed from the linear mixed model. Estimates of parameters

ommon to both models differed, with the naïve model underes-
imating the trunk flexion estimate (−15.0 %) and overestimating
he estimates for hip flexion (16.5 %), hip abduction (21.5 %) and
nee abduction (79.4 %) when compared to the linear mixed model.
or both models, parameter estimates, confidence intervals and the
ffect of a one standard deviation change on predicted PKVM are
eported in Table 2.

When cross-validated, the PKVM predicted from both the naïve
ackwards multiple regression (predicted R2 = 0.43, RMSE = 0.29,

 < 0.001) and the appropriately applied linear mixed model

predicted R2 = 0.40, RMSE = 0.30, p < 0.001) were significantly cor-
elated with measured PKVM (Fig. 1).
Medicine in Sport 22 (2019) 420–424

4. Discussion

This study compared the statistics and clinical interpretations
of outputs derived from a naïvely applied regression model and
an appropriately applied linear mixed model, applied to a sample
of clustered three-dimensional sidestepping data. These analyses
confirm our primary hypotheses. A model naïvely applied to clus-
tered biomechanical data produced errors in the estimation of
parameter estimates. Secondly, the naïve model also inflated the
goodness of fit measures, which was proven by a lower predicted
R2 estimate following cross-validation (0.50 vs 0.43). Secondary
hypotheses of this study were not supported by the findings, with
both models explaining a similar level of variance in measured
PKVM. However, these findings may  be attributable to the greater
number of parameters included in the naive model predictor set
after backwards elimination. The inclusion of extra parameters is
an example of the naïvely applied models’ susceptibility to Type 1
error. Overall, the current results highlight concern for the effects
of inappropriate statistical approaches when analysing clustered
observations of biomechanical data. Differences in parameters and
estimates produced within each model leads to potential com-
pounding error in inferred injury risk recommendations and has the
apparent potential to bias follow-on injury prevention and rehabil-
itation research along with real-world applications.

Inappropriate analysis techniques that do not account for
correlations between clustered observations, leads to erroneous
statistical outputs. Our concern is that this creates the potential
for incorrect interpretation of biomechanical data in the context of
ACL injury risk. In the current study the naïve backwards multiple
regression model overestimated goodness of fit statistics, which
was evident when the naïve model (R2 = 0.50, RMSE = 0.27) was
compared with its performance following cross-validation (pre-
dicted R2 = 0.43, RMSE = 0.29). These results align with research
published in the neuroscience literature, which have shown that
incorrectly assuming independence between multiple observa-
tions of the same participant biases model statistics.8 Results from
this research demonstrates that incorrect statistical treatment of
clustered data can have a significant bearing on the interpretation
and conclusions derived from a statistical model. Moving forward,
or looking back to the rules set within the field of statistics, the
authors recommend reporting two items when applying regres-
sion analysis to clustered datasets: (1) sample sizes for the number
of participants and number of observations, and (2) clear detail as
to how analysis procedures treat clustered observations (i.e., inde-
pendent vs dependent). This will provide adequate information for
readers to critically evaluate the validity of the statistical methods
and the suitability for future applications.

Testing regression parameters against withheld data indicates
the applicability of the results outside of the study’s sample popula-
tion and improves the generalisability of the findings.20 Though the
naïve model was inappropriate for the statistical analysis of clus-
tered observations,8,9 it returned similar goodness of fit statistics
to the appropriately applied model when cross-validated (pre-
dicted R2: 0.43 vs 0.40, RMSE: 0.29 vs 0.30, respectively). Reported
goodness of fit statistics from a published ACL injury prediction
algorithm,4 which does not detail how clustered observations were
treated, may  be unaffected by any potential use of naïve statistical
methods as the regression equation was  validated against with-
held data. It may  be best practice for injury prevention research
to test regression parameters outside of the sample used to train
the statistical model, further safeguarding the generalisability of
findings.
susceptible to Type 1 error.9 In the current study, the linear
regression model contained three predictors not found within the
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Table  2
Model parameters, parameter estimates and percentage change in modelled peak knee valgus moments for different regression methods.

Model Parameters Parameter Estimates (Confidence intervals) One  SD change (%)

Backwards linear regression (naïve
model)

Constant −0.660* (−1.245, −0.069)
Trunk flexion◦ 0.021** (0.008, 0.034) 18.9
Trunk rotation◦ −0.012 (−0.026, 0.001) 15.3
Hip  flexion◦ 0.013 (0.000, 0.025) 12.1
Hip  abduction◦ 0.047*** (0.032, 0.062) 48.9
Hip  internal rotation◦ 0.016** (0.006, 0.064) 16.2
Knee abduction◦ 0.039** (0.014, 0.064) 18.4
Knee rotation◦ 0.008 (0.001, 0.018) 9.8

Linear mixed model (appropriately
applied model)

Constant −0.201 (−0.832, 0.431)
Trunk flexion◦ 0.025** (0.010, 0.039) 22.2
Hip  flexion◦ 0.011 (−.001, 0.023) 10.4
Hip abduction◦ 0.039*** (0.030, 0.048) 40.3
Knee abduction◦ 0.022 (−0.002, 0.046) 10.3

Parameter estimates are non-standardised. One SD change is the percentage change in predicted peak knee valgus moments from changing the parameter by one standard
deviation and indicates the influence of an independent variable within a regression.

* Indicates p < 0.05.
** Indicates p < 0.01.

*** Indicates p < 0.001.
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ig. 1. Scatterplots of the estimated peak knee valgus moments (PKVM) from the l
middle) and cross-validated linear mixed model (right). PKVM are normalized to h

ppropriately applied model, which may  have been incorrectly
ncluded due to inappropriate modelling of within-participant
ffects present in the clustered data. Additionally, hip internal rota-
ion and knee abduction were significant parameters in the naïve

odel but not in the linear mixed model. Despite inappropriate sta-
istical modelling, the inclusion of transverse trunk rotation and hip
nternal rotation as predictors does align with previously published
CL injury research.10,21 However, the inclusion of knee internal
otation contradicts previous research, which has shown there is no
ffect on PKVM when this posture was imposed on an individual’s
idestepping technique.15 Despite some agreement with previous
ndings, the associations unique to the naïve model should be
reated with caution, as failing to account for correlated observa-
ions within clustered data increases susceptibility to Type 1 error9

 a result which cannot be ruled out in the present study.
Differences in the number of parameters within the two statis-

ical models mean the naïve model is less suitable for informing
argeted ACL injury prevention research. The mixed effects model
as more parsimonious while explaining a similar amount of vari-

nce in PKVM. The three additional variables reported in the naïve
odel convolute the importance of the predictors found within the

ppropriately applied model. Interestingly, the parameters unique
o the naïve model were all transverse-plane joint angles which

ay  shift the focus away from the frontal and sagittal-plane joint
ngles returned by the linear mixed model. Real-world interven-
ions based on naïve statistical models may  lead to the formation
f a sub-optimal prevention programs which spend resources and
ime targeting superfluous risk factors. In comparison, the lower
umber of degrees of freedom in the mixed effects model means it
s more suitable for creating focused ACL injury prevention strate-
ies, which may  translate more effectively to time-poor sports and
linical settings.
regression applied to the whole sample (left), the cross-validated linear regression
(m)  and weight (N) and reported in scientific notation ×10−1.

Disparity in the estimates of parameters common to both mod-
els (trunk flexion, hip flexion, hip abduction and knee abduction)
suggest there is meaningful difference in the association of these
common parameters with PKVM. Compared to the linear mixed
model, the naïve model underestimated the trunk flexion esti-
mate (−15 %) and overestimated the estimates for hip flexion (16
%), hip abduction (22 %) and knee abduction (79 %). Within the
naïve model knee abduction had the third highest one standard
deviation change on predicted PKVM, however, within the linear
mixed model it had the lowest one standard deviation influence
of any kinematic parameter. Therefore, the naïve analysis changed
the perceived practical importance of parameters when explaining
variance in PKVM. Errors in the estimates are likely attributable
to modelling correlated participant data as independent.8 These
errors highlight concern in the future reproducibility of naïvely
applied regression models. Additionally, future research may  be
ill-informed if guided by estimates attained through inappropriate
modelling of clustered biomechanical data.

There are limitations to the current study. It is not possible
to identify the practical impact of differing technique recommen-
dations from each model without testing informed interventions
in randomised control trials. However, the findings that naïve
regressions overestimate model goodness of fit and include vari-
ant parameters and parameter estimates when compared to an
appropriately applied model, highlights a need to ensure statistical
standards are observed when analysing clustered data. Specifically,
it is important for researchers to treat clustered observations as
dependent. There are other statistical methods of accounting for
within-participant effects in clustered datasets (e.g. generalised lin-

ear models) that were not tested in this study. However, it was
not the aim of the current study to compare these approaches, but
rather to establish the applied impact to injury prevention research
when clustered biomechanical observations are incorrectly treated
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21. McLean SG, Huang X, van den Bogert AJ. Association between lower extremity
posture at contact and peak knee valgus moment during sidestepping: implica-
tions for ACL injury. Clin Biomech 2005; 20(8):863–870.
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s independent. A linear mixed model was used as the appropri-
tely applied model, as Galbraith, Daniel and Vissel9 reported that
hey perform best when clustered data is normally distributed.

. Conclusion

The inappropriate statistical modelling of clustered biomechan-
cal data results in overestimating goodness of fit measures and
roduces erroneous parameter estimates and significant associa-
ions influenced by Type 1 error. The downstream effect is that
aïvely applied models change the relative importance of differ-
nt kinematic parameters, potentially creating divergence in injury
revention recommendations within the literature. It is recom-
ended for researchers in sports medicine to heed advice from

he statistical literature by appropriately accounting for inher-
nt correlations in clustered data, and clearly communicate how
orrelated observations are treated within analyses. Additionally,
ross-validation of regressions is recommended to indicate the gen-
ralisability of the model and protect the repeatability and potential
mpact of future applications influenced by findings in the fields of
ports medicine and biomechanics.

ractical implications

Inappropriate statistical analysis of data containing multiple
observations per participant leads to inflated model goodness of
fit statistics.
Inappropriately applied statistical models have the potential to
identify alternate sets of predictor variables, due to increased
susceptibility to Type I error.
Failing to account for within-participant effects generates incor-
rect parameter estimates and alters the relative importance of
kinematic variables.
Cross-validation of regression models is recommended to protect
the translatability of the findings to real-world settings.

unding

This work was supported by the National Health and Medical
esearch Council (400937).

cknowledgements

The authors thank the centre for applied statistics at the Uni-
ersity of Western Australia for their useful consultation and
iscussions. The authors also thank David Edmonds for his assis-
ance in data cleaning and signal processing, and Alasdair Dempsey
or his useful discussions.
ppendix A. Supplementary data

Supplementary data associated with this article can be found, in
he online version, at https://doi.org/10.1016/j.jsams.2018.10.006.
Medicine in Sport 22 (2019) 420–424

References

1. Box George EP. Science and statistics. J Am Stat Assoc 1976; 71(356):791–799.
2. Eirik Kristianslund, Oliver Faul, Roald Bahr et al. Sidestep cutting technique and

knee abduction loading: implications for ACL prevention exercises. Br J Sports
Med 2014; 48(9):779–783. http://dx.doi.org/10.1136/bjsports-2012-091370.

3.  Hewett TE, Myer GD, Ford KR et al. Biomechanical measures of neuromuscu-
lar control and valgus loading of the knee predict anterior cruciate ligament
injury risk in female athletes: a prospective study. Am J Sports Med  2005;
33(4):492–501. http://dx.doi.org/10.1177/0363546504269591.

4.  Myer Gregory D, Ford Kevin R, Jane Khoury et al. Biomechanics laboratory-
based prediction algorithm to identify female athletes with high knee loads that
increase risk of ACL injury. Br J Sports Med  2011; 45(4):245–252. http://dx.doi.
org/10.1136/bjsm.2009.069351.

5.  Pappas E, Nightingale EJ, Simic M et al. Do exercises used in injury preven-
tion programmes modify cutting task biomechanics? A systematic review with
meta-analysis. Br J Sports Med  2014; 49(10):673–680. http://dx.doi.org/10.1136/
bjsports-2014-093796.

6. Joop Hox. Multilevel Modeling: When and Why, In: Classif Data Anal Data Highw
Stud Classif Data Anal Knowl Organ 1998., 1965. p. 147–154. http://dx.doi.org/10.
1007/978-3-642-72087-1.

7. Parker Richard MA,  Browne William J. The place of experimental design and
statistics in the 3Rs. ILAR J 2014; 55(3):477–485. http://dx.doi.org/10.1093/ilar/
ilu044.

8. Moen Erika L, Fricano-Kugler Catherine J, Luikart Bryan W et al. Analyzing
clustered data: Why  and how to account for multiple observations nested
within a study participant? PLoS One 2016; 11(1):1–17. http://dx.doi.org/10.
1371/journal.pone.0146721.

9. Galbraith Sally, Daniel James A, Vissel Bryce. A study of clustered data and
approaches to its analysis. J Neurosci 2010; 30(32):10601–10608. http://dx.doi.
org/10.1523/JNEUROSCI.0362-10.2010.

0. Barnett Frank, Bell David R, Norcross Marc F et al. Trunk and hip biomechanics
influence anterior cruciate loading mechanisms in physically active partic-
ipants. Am J Sports Med  2013; 41(11):2676–2683. http://dx.doi.org/10.1177/
0363546513496625.

1. Jamison Steve T, Pan Xueliang, Chaudhari Ajit MW.  Knee moments during run-
to-cut maneuvers are associated with lateral trunk positioning. J Biomech 2012;
45(11):1881–1885. http://dx.doi.org/10.1016/j.jbiomech.2012.05.031.

2.  Donnelly CJ, Elliott BC, Doyle TLA et al. Changes in knee joint biomechanics
following balance and technique training and a season of Australian football. Br
J  Sports Med 2012; 46(13):917–922.

3. Besier F, Sturnieks DL, Alderson JA et al. Repeatability of gait data using a
functional hip joint centre and a mean helical knee axis. J Biomech 2003;
36(8):1159–1168. http://dx.doi.org/10.1016/S0021-9290(03)00087-3.

4.  Lloyd DG, Alderson J, Elliott BC. An upper limb kinematic model for the exami-
nation of cricket bowling: a case study of Mutiah Muralitharan. J Sports Sci 2000;
18:975–982.

5. Dempsey AR, Lloyd DG, Elliott BC et al. The effect of technique change on knee
loads during sidestep cutting. Med  Sci Sport Exerc 2007; 39(10):1765–1773.

6. Brown Scott R, Brughelli Matt, Hume Patria A. Knee mechanics during planned
and unplanned sidestepping: a systematic review and meta-analysis. Sport Med
2014; 44(11):1573–1588. http://dx.doi.org/10.1007/s40279-014-0225-3.

7. Wilks SS. The large-sample distribution of the likelihood ratio for testing com-
posite hypotheses. Ann Math Stat 1938; 9(1):60–62.

8. Hawkins Douglas M,  Basak Subhash C, Mills Denise. Assessing model fit by
cross-validation. J Chem Inf Comput Sci 2003; 43(2):579–586. http://dx.doi.org/
10.1021/ci025626i.

9. Kohavi Ron. A Study of Cross-Validation and Bootstrap for Accuracy Estimation
and  Model Selection. Ijcai 1995; 14(2):1137–1145.

https://doi.org/10.1016/j.jsams.2018.10.006
https://doi.org/10.1016/j.jsams.2018.10.006
https://doi.org/10.1016/j.jsams.2018.10.006
https://doi.org/10.1016/j.jsams.2018.10.006
https://doi.org/10.1016/j.jsams.2018.10.006
https://doi.org/10.1016/j.jsams.2018.10.006
https://doi.org/10.1016/j.jsams.2018.10.006
https://doi.org/10.1016/j.jsams.2018.10.006
https://doi.org/10.1016/j.jsams.2018.10.006
https://doi.org/10.1016/j.jsams.2018.10.006
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0005
dx.doi.org/10.1136/bjsports-2012-091370
dx.doi.org/10.1136/bjsports-2012-091370
dx.doi.org/10.1136/bjsports-2012-091370
dx.doi.org/10.1136/bjsports-2012-091370
dx.doi.org/10.1136/bjsports-2012-091370
dx.doi.org/10.1136/bjsports-2012-091370
dx.doi.org/10.1136/bjsports-2012-091370
dx.doi.org/10.1136/bjsports-2012-091370
dx.doi.org/10.1136/bjsports-2012-091370
dx.doi.org/10.1177/0363546504269591
dx.doi.org/10.1177/0363546504269591
dx.doi.org/10.1177/0363546504269591
dx.doi.org/10.1177/0363546504269591
dx.doi.org/10.1177/0363546504269591
dx.doi.org/10.1177/0363546504269591
dx.doi.org/10.1177/0363546504269591
dx.doi.org/10.1136/bjsm.2009.069351
dx.doi.org/10.1136/bjsm.2009.069351
dx.doi.org/10.1136/bjsm.2009.069351
dx.doi.org/10.1136/bjsm.2009.069351
dx.doi.org/10.1136/bjsm.2009.069351
dx.doi.org/10.1136/bjsm.2009.069351
dx.doi.org/10.1136/bjsm.2009.069351
dx.doi.org/10.1136/bjsm.2009.069351
dx.doi.org/10.1136/bjsm.2009.069351
dx.doi.org/10.1136/bjsports-2014-093796
dx.doi.org/10.1136/bjsports-2014-093796
dx.doi.org/10.1136/bjsports-2014-093796
dx.doi.org/10.1136/bjsports-2014-093796
dx.doi.org/10.1136/bjsports-2014-093796
dx.doi.org/10.1136/bjsports-2014-093796
dx.doi.org/10.1136/bjsports-2014-093796
dx.doi.org/10.1136/bjsports-2014-093796
dx.doi.org/10.1136/bjsports-2014-093796
dx.doi.org/10.1007/978-3-642-72087-1
dx.doi.org/10.1007/978-3-642-72087-1
dx.doi.org/10.1007/978-3-642-72087-1
dx.doi.org/10.1007/978-3-642-72087-1
dx.doi.org/10.1007/978-3-642-72087-1
dx.doi.org/10.1007/978-3-642-72087-1
dx.doi.org/10.1007/978-3-642-72087-1
dx.doi.org/10.1007/978-3-642-72087-1
dx.doi.org/10.1007/978-3-642-72087-1
dx.doi.org/10.1007/978-3-642-72087-1
dx.doi.org/10.1007/978-3-642-72087-1
dx.doi.org/10.1093/ilar/ilu044
dx.doi.org/10.1093/ilar/ilu044
dx.doi.org/10.1093/ilar/ilu044
dx.doi.org/10.1093/ilar/ilu044
dx.doi.org/10.1093/ilar/ilu044
dx.doi.org/10.1093/ilar/ilu044
dx.doi.org/10.1093/ilar/ilu044
dx.doi.org/10.1093/ilar/ilu044
dx.doi.org/10.1371/journal.pone.0146721
dx.doi.org/10.1371/journal.pone.0146721
dx.doi.org/10.1371/journal.pone.0146721
dx.doi.org/10.1371/journal.pone.0146721
dx.doi.org/10.1371/journal.pone.0146721
dx.doi.org/10.1371/journal.pone.0146721
dx.doi.org/10.1371/journal.pone.0146721
dx.doi.org/10.1371/journal.pone.0146721
dx.doi.org/10.1371/journal.pone.0146721
dx.doi.org/10.1523/JNEUROSCI.0362-10.2010
dx.doi.org/10.1523/JNEUROSCI.0362-10.2010
dx.doi.org/10.1523/JNEUROSCI.0362-10.2010
dx.doi.org/10.1523/JNEUROSCI.0362-10.2010
dx.doi.org/10.1523/JNEUROSCI.0362-10.2010
dx.doi.org/10.1523/JNEUROSCI.0362-10.2010
dx.doi.org/10.1523/JNEUROSCI.0362-10.2010
dx.doi.org/10.1523/JNEUROSCI.0362-10.2010
dx.doi.org/10.1523/JNEUROSCI.0362-10.2010
dx.doi.org/10.1523/JNEUROSCI.0362-10.2010
dx.doi.org/10.1177/0363546513496625
dx.doi.org/10.1177/0363546513496625
dx.doi.org/10.1177/0363546513496625
dx.doi.org/10.1177/0363546513496625
dx.doi.org/10.1177/0363546513496625
dx.doi.org/10.1177/0363546513496625
dx.doi.org/10.1177/0363546513496625
dx.doi.org/10.1016/j.jbiomech.2012.05.031
dx.doi.org/10.1016/j.jbiomech.2012.05.031
dx.doi.org/10.1016/j.jbiomech.2012.05.031
dx.doi.org/10.1016/j.jbiomech.2012.05.031
dx.doi.org/10.1016/j.jbiomech.2012.05.031
dx.doi.org/10.1016/j.jbiomech.2012.05.031
dx.doi.org/10.1016/j.jbiomech.2012.05.031
dx.doi.org/10.1016/j.jbiomech.2012.05.031
dx.doi.org/10.1016/j.jbiomech.2012.05.031
dx.doi.org/10.1016/j.jbiomech.2012.05.031
dx.doi.org/10.1016/j.jbiomech.2012.05.031
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0060
dx.doi.org/10.1016/S0021-9290(03)00087-3
dx.doi.org/10.1016/S0021-9290(03)00087-3
dx.doi.org/10.1016/S0021-9290(03)00087-3
dx.doi.org/10.1016/S0021-9290(03)00087-3
dx.doi.org/10.1016/S0021-9290(03)00087-3
dx.doi.org/10.1016/S0021-9290(03)00087-3
dx.doi.org/10.1016/S0021-9290(03)00087-3
dx.doi.org/10.1016/S0021-9290(03)00087-3
dx.doi.org/10.1016/S0021-9290(03)00087-3
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0070
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0075
dx.doi.org/10.1007/s40279-014-0225-3
dx.doi.org/10.1007/s40279-014-0225-3
dx.doi.org/10.1007/s40279-014-0225-3
dx.doi.org/10.1007/s40279-014-0225-3
dx.doi.org/10.1007/s40279-014-0225-3
dx.doi.org/10.1007/s40279-014-0225-3
dx.doi.org/10.1007/s40279-014-0225-3
dx.doi.org/10.1007/s40279-014-0225-3
dx.doi.org/10.1007/s40279-014-0225-3
dx.doi.org/10.1007/s40279-014-0225-3
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0085
dx.doi.org/10.1021/ci025626i
dx.doi.org/10.1021/ci025626i
dx.doi.org/10.1021/ci025626i
dx.doi.org/10.1021/ci025626i
dx.doi.org/10.1021/ci025626i
dx.doi.org/10.1021/ci025626i
dx.doi.org/10.1021/ci025626i
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0095
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0100
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105
http://refhub.elsevier.com/S1440-2440(18)31040-5/sbref0105

	The applied impact of ‘naïve’ statistical modelling of clustered observations of motion data in injury biomechanics research
	1 Introduction
	2 Methods
	3 Results
	4 Discussion
	5 Conclusion
	Practical implications
	Funding
	Acknowledgements
	Appendix A Supplementary data
	References


