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Wearable technology can be used to quantify running biomechanical patterns in a runner’s natural envi-
ronment, however, changes in external factors during outdoor running may influence a runner’s typical
gait pattern. Therefore, the purpose of this study was to determine how many runs are needed to define a
stable or typical running pattern. Six biomechanical variables were recorded using a single wearable sen-
sor placed on the lower back during ten outdoor runs for twelve runners. Univariate and multivariate dis-
tributions were created and based on the probability density function, the percent of similar data points
(within 95%) from each unique run for the same runner were determined. Stability was defined when the
addition of data from a new run resulted in less than a 5% change in the probability density function. To
cross-validate, the percent of similar data points at stability was compared between the same and differ-
ent runners using a repeated-measures MANOVA (Bonferroni-corrected a = 0.007). The maximum num-
ber of runs needed to reach stability for univariate and multivariate analyses was four and five,
respectively. There was a significant overall effect on similar data points between the same and different
runners (p = 0.001), with a greater percent of similar data points for the same runner compared to other
runners (p < 0.007). Based on biomechanical data collected using a single wearable sensor placed on the
lower back, this is the first study to show that four (univariate) to five (multivariate) runs are needed to
establish a stable running pattern in real-world settings.

� 2019 Elsevier Ltd. All rights reserved.
1. Introduction

Inertial measurement units (IMUs) can be used to quantify run-
ning biomechanical patterns in a runner’s natural environment
(Reenalda et al., 2016), which is ideal considering most runners
complete their runs outdoors (Taunton et al., 2003). However,
guidelines for the use of IMUs during longitudinal monitoring of
running have yet to be established (Benson et al., 2018). Thus, a
challenge for recording running biomechanics in real-world set-
tings, and over the course of several training runs, is the ability
to identify when observed changes in running patterns are due
to intrinsic factors (e.g. fatigue or injury development) rather than
external factors that are a part of a runner’s natural environment
(e.g. changes in clothing, weather, running surface, etc.).

While very little research in this area exists, it has been sug-
gested that ‘‘a few days” of recorded data are needed to construct
a ‘‘relatively stable” gait pattern (Cola et al., 2015). However, an
actual measure of stability across multiple days has not been
defined, nor has the number of runs needed to reach the point of
stability been established. Furthermore, the individual variables
or combination of variables used to represent the running pattern
could influence running pattern stability. Therefore, the purpose of
this study was to determine the number of runs needed to estab-
lish a stable running pattern for runners in their natural running
conditions based on both univariate and multivariate analyses of
running biomechanical data. It was hypothesized that multiple
runs would be needed to establish a stable running pattern, and
due to the added complexity of relationships between variables,
more runs would be needed for multivariate compared to univari-
ate analyses.
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2. Methods

2.1. Procedures

Twelve recreational runners (9F, 3M; 48.5 (12.0) yr; 166.8 (7.9)
cm; 68.7 (11.2) kg) provided informed consent to participate in this
study approved by the Ethics Board at the University of Calgary
(REB16-2035). A GPS watch (Garmin vívoactive� HR, recording rate
1 Hz; Garmin International Inc., KS, USA) was attached to each run-
ner’s preferred wrist, and a commercially-available IMU (Lumo
Run�, sampling rate 100 Hz, recording rate every five strides; Lumo
Bodytech Inc., Mountain View, CA, USA) was attached to the back
of the shorts near the individual’s center of mass (Table 1). Partic-
ipants wore both the IMU and the GPS watch during all training
runs over the course of a marathon training program. Clothes,
shoes, device placement, pace and running route were not con-
trolled. The first five minutes of each run were considered warmup
and those data were excluded. Altitude was filtered using a moving
average of 10 s. Similar sections of running were identified based
on the following criterion: running speed greater than 1.8 m/s
(Diedrich and Warren, 1995), the section being longer than
100 m, and an elevation between +/�2% grade until 2.5 km for each
run were available for analysis. The first 10 runs that were reported
to be pain-free were used (Table 2).

2.2. Analyses

Sets consisting of increasing numbers of runs were created as
training datasets, and individual runs that were not part of the
training dataset were used as testing datasets. Specifically, each
runner’s 10 runs were grouped into unique sets with all combina-
tions of 1–10 runs included in a set. A leave-one-out approach was
Table 1
Variables recorded by the IMU and GPS watch during each run.

Device Variable Desc

IMU Cadence Num
Bounce Verti
Braking Redu
Pelvic drop Fron
Pelvic rotation Tran
Ground contact Time Time

GPS watch Speed –
Distance –
Altitude –

Table 2
The mean and standard deviation of run characteristics for the retained sections across al

Runner Time (s) Flat distance (m) Elevation gain
(m)

Elev
(m)

Mean SD Mean SD Mean SD Mea

1 875.1 28.5 2538.8 7.8 12.5 4.8 �11
2 885.1 31.6 2535.0 4.4 13.1 5.1 �12
3 1182.6 48.6 2527.3 3.9 12.2 5.0 �13
4 927.7 39.1 2535.1 3.6 18.4 4.8 �17
5 899.4 97.5 2535.2 6.9 12.5 4.9 �12
6 1049.4 66.2 2530.9 5.1 13.0 3.8 �13
7 1021.5 60.7 2531.0 3.8 14.3 4.0 �13
8 1156.4 39.5 2713.9 31.7 8.5 2.0 �12
9 1091.2 32.7 2528.1 3.5 12.4 3.9 �14
10 1009.3 70.1 2717.9 34.1 9.5 3.5 �8.
11 952.3 38.5 2534.2 2.0 11.1 4.3 �14
12 910.6 83.4 2534.5 6.2 13.0 6.4 �12
used to determine the level of similarity between all combinations
of a training dataset and a test dataset for each runner (Table 3).
For each unique training dataset, the probability density function
of the univariate or multivariate normal distribution (Eq. (1))
was determined using the MATLAB mvnpdf function for each of
the IMU variables individually (univariate), and for all of the IMU
variables together (multivariate) (MathWorks, 2018).

P ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Rj j 2pð Þd

q exp �1
2

x� lð ÞR�1 x� lð Þ0
� �

ð1Þ

where d is the number of variables, x is a 1-by-d vector representing
a single observation, m is a 1-by-d vector representing the mean of
all observations, and

P
is the covariance matrix.

A threshold, epsilon, of the resulting probability density func-
tion was determined such that 95% of the training data had a prob-
ability greater than or equal to epsilon. Next, the probability
density function of the testing dataset was determined from the
mean and covariance matrix of the training dataset. Data points
in the testing dataset with probability greater than or equal to
epsilon were considered similar to the training dataset, and the
percent of similar data points in the testing dataset was recorded
(Fig. 1).

The percent of similar data points was averaged across all pairs
of training and testing datasets with the same number of runs per
set, giving a singular value for each runner, number of runs, and
each IMU variable individually (univariate) and together (multi-
variate). The running pattern was considered stable when the addi-
tion of one more run to the training dataset resulted in less than a
5% increase of percent of similar data points. This stability point
was determined separately for each runner and each IMU variable
(univariate and multivariate). The overall stability point for each
ription Units

ber of bilateral steps per minute steps/min
cal displacement of center of mass cm
ction in forward velocity following foot strike m/s
tal plane motion of pelvis deg
sverse plane motion of pelvis deg
of foot contact with the ground ms

m/s
km
m

l 10 runs for each runner.

ation loss Speed (m/s) Total distance (m) Time between
runs (days)

n SD Mean SD Mean SD Mean SD

.1 1.3 2.89 0.10 4279.0 1514.8 5 11

.2 2.3 2.86 0.11 3870.4 936.6 6 10

.4 5.1 2.14 0.10 3959.8 1253.6 5 5

.0 4.1 2.71 0.10 4455.2 1339.5 3 1

.8 2.7 2.83 0.31 3328.7 468.3 7 5

.5 2.7 2.41 0.16 3822.9 985.7 7 6

.7 5.0 2.47 0.15 4206.1 1224.0 7 6

.5 3.1 2.34 0.07 4230.8 570.0 4 4

.5 3.2 2.32 0.07 4155.8 924.0 4 5
2 2.6 2.69 0.18 3886.4 717.4 11 10
.1 4.3 2.66 0.11 3746.0 971.0 4 3
.2 4.2 2.79 0.26 4072.1 2070.9 6 3



Table 3
Unique training datasets of runs based on number of runs included in each set. Testing datasets for each training dataset were all individual runs not included in the training
dataset. The number of subject-specific train-test pairs is indicated.

Number of runs per set Number of unique sets Training datasets Number of subject-specific
train-test pairs

1 10 {Run 1}, {Run 2}, . . . 90
2 45 {Run 1 + 2}, {Run 1 + 3}, . . . 360
3 120 {Run 1 + 2 + 3}, {Run 1 + 2 + 4}, . . . 840
4 210 {Run 1 + 2 + 3 + 4}, {Run 1 + 2 + 3 + 5}, . . . 1260
5 252 {Run 1 + 2 + 3 + 4 + 5}, {Run 1 + 2 + 3 + 4 + 6}, . . . 1260
6 210 {Run 1 + 2 + 3 + 4 + 5 + 6}, {Run 1 + 2 + 3 + 4 + 5 + 7}, . . . 840
7 120 {Run 1 + 2 + 3 + 4 + 5 + 6 + 7}, {Run 1 + 2 + 3 + 4 + 5 + 6 + 8}, . . . 360
8 45 {Run 1 + 2 + 3 + 4 + 5 + 6 + 7 + 8}, {Run 1 + 2 + 3 + 4 + 5 + 6 + 7 + 9}, . . . 90
9 10 {Run 1 + 2 + 3 + 4 + 5 + 6 + 7 + 8 + 9}, {Run 1 + 2 + 3 + 4 + 5 + 6 + 7 + 8 + 10}, . . . 10
10 1 {Run 1 + 2 + 3 + 4 + 5 + 6 + 7 + 8 + 9 + 10} 0

Fig. 1. Determination of the percent of similar data points for a representative runner and representative training and testing datasets. Top row: Univariate analysis for pelvic
drop. The probability density function (P) is plotted against the values for pelvic drop in the training dataset (small dots). The shaded area under the curve represents 95% of
the probability density function. A testing dataset of a run from the same runner but different from the run(s) included in the training dataset is applied to the same
probability density function. The data points in the testing dataset are plotted depending on if they fall inside (circles) or outside (squares) 95% of the distribution of the
training dataset, and the percent of similar data points is indicated. Bottom row: Two-dimensional example of the multivariate analysis, using pelvic drop and bounce. The
two variables from the training set are plotted against each other (small dots), and the shaded area represents 95% of the probability density function. A testing dataset of a
run from the same runner but different from the run(s) included in the training dataset is applied to the same probability density function. The data points in the testing
dataset are plotted depending on if they fall inside (circles) or outside (squares) 95% of the distribution of the training dataset, and the percent of similar data points is
indicated. Note: The two-dimensional multivariate analysis in this example is for visualization purposes only; six-dimensional multivariate analyses were used in this
investigation.
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IMU variable (univariate and multivariate) was determined as the
maximum number of runs to reach stability across the 12 runners.

To ensure that the runner’s stable running pattern – defined by
the number of runs at the stability point – was unique to each run-
ner, and to cross-validate this approach, an additional group of
testing datasets was generated using the runs by all other runners.
Only the number of runs at the overall stability point for each vari-
able were used for this analysis. Each unique combination of runs
at the overall stability point was a training dataset, and there were
110 testing datasets (10 runs for 11 other runners). Following the
steps above, the probability density function of the univariate
and multivariate normal distributions was determined for the
training datasets, and the percent of similar data points was aver-
aged across all pairs of training-testing datasets for each runner. A
repeated-measures MANOVA was used to determine overall differ-
ences between the percent of similar data points for the subject-
specific testing datasets and all other runners testing datasets
across all univariate and multivariate analyses. In the case of a sig-



Fig. 2. The percent of similar data points in subject-specific testing datasets for training datasets of between one and nine runs, averaged across all pairs of training and
testing datasets for each number of runs and all univariate and multivariate analyses. Each line/color represents one runner. The stability point for each runner, defined as the
number of runs where the addition of one more run to the training dataset resulted in less than a 5% increase of percent of similar data points, is indicated with a triangle.

Table 4
Number of runs needed to define a stable running pattern for each runner and each univariate and multivariate analysis. Each individual runner’s maximum number of runs is
highlighted in bold. The mean (SD) and maximum number of runs is also determined across all runners, with the overall stability point for each variable defined as the maximum
number of runs across all runners.

Runner Stability point (number of runs)

Cadence Bounce Braking Drop Rotation GCT Multivariate

1 2 4 2 3 2 2 4
2 1 3 3 4 3 2 4
3 1 2 2 2 3 2 2
4 2 3 2 2 2 1 2
5 2 3 3 3 4 3 5
6 3 4 3 3 2 3 4
7 3 2 3 3 2 3 4
8 1 2 3 3 3 3 4
9 2 3 2 3 3 3 4
10 2 2 2 2 1 3 3
11 3 3 3 3 2 4 4
12 2 2 2 2 2 2 3

Mean (SD) 2.0 (0.7) 2.8 (0.8) 2.5 (0.5) 2.8 (0.6) 2.4 (0.8) 2.6 (0.8) 3.6 (0.9)
Maximum 3 4 3 4 4 4 5

Note: GCT = ground contact time.
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nificant (p < 0.05) omnibus test, all pairwise comparisons (subject-
specific vs. all other runners for each univariate and multivariate
analysis) were evaluated at a Bonferroni-corrected a = 0.007. Effect
size was reported as Cohen’s d. All statistical tests were conducted
in SPSS (v24.0.0.1, SPSS, Inc., Chicago, IL).
3. Results

The percent of similar data points for subject-specific testing
datasets increased with the number of runs in the training dataset
(Fig. 2). For most runners, the number of runs at the stability point



Table 5
Percent of similar data points and results of the pairwise comparisons between the subject-specific testing datasets and the testing datasets from all other runners for each
univariate and multivariate analysis.

Variable Subject-specific All other runners P d

Mean SD Mean SD

Cadence 89.7 3.7 49.8 26.6 <0.001* 2.10
Bounce 86.7 3.7 43.3 32.0 0.001* 1.90
Braking 83.3 3.9 45.1 33.0 0.002* 1.63
Drop 85.0 3.3 74.2 28.2 0.218 0.54
Rotation 87.6 3.2 51.0 28.3 0.001* 1.82
Ground contact time 87.6 4.3 62.1 24.8 0.006* 1.43
Multivariate 83.0 5.8 22.7 20.8 <0.001* 3.95

* Significant at the Bonferroni-adjusted a = 0.007.
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for the multivariate analysis was five, which was greater than or
equal to the number of runs at the stability point for all univariate
analyses (Table 4).

There was a significant overall effect of testing dataset type on
the percent of similar data points across all univariate and multi-
variate analyses, F(5,7) = 25.578, p = 0.001. Pairwise comparisons
indicated that the percent of similar data points in the subject-
specific testing datasets was greater than the percent of similar
data points in the testing datasets for all other runners for the mul-
tivariate analysis and all univariate analyses (p < 0.007), except for
pelvic drop (Table 5).
4. Discussion

The purpose of this study was to determine the number of runs
needed to establish a stable running pattern for runners in their
natural running conditions based on both univariate and multivari-
ate analyses of running biomechanical data. Overall, and in support
of the hypotheses, the results of the current study show that four
runs are needed to establish a stable gait pattern for univariate
analyses, while five runs are needed to reach the stability point
for multivariate analyses. Moreover, support for selecting these
values as the overall stability point comes from the cross-
validation approach, where the number of similar data points in
a subject-specific testing dataset was significantly greater than
testing datasets of runs from all other runners for all but one uni-
variate analysis.

This is the first study to define a stable running pattern using
data frommultiple runs, a novel statistical approach, and the inclu-
sion of multivariate analyses. The strength of this approach is that
differences from the stable running pattern may provide real-
world indications of alterations in running biomechanics, due to
factors such as fatigue, performance, and/or injury status. This
study improves upon previous research which sought to monitor
changes in biomechanical data from just one run (Norris et al.,
2016), averaged univariate metrics across all runs (Kiernan et al.,
2018), or did not define a stable pattern before attempting to
detect abnormal patterns (Cola et al., 2015). Similarly, studies
investigating changes within a run have compared the mean of
individual variables between pre-defined stages (Reenalda et al.,
2016; Schütte et al., 2016), whereas the current approach suggests
a multivariate representation of a stable running pattern could be
used to identify atypical biomechanical data throughout the run.
Thus, future research should consider the translation of this
approach into real time data processing.

The results of this study indicate that individual or combina-
tions of biomechanical variables can be used to identify unique
running patterns for individual runners, except for pelvic drop
alone. The lone non-significant finding suggests that the recorded
distribution of pelvic drop is similar among all runners. In contrast,
the multivariate analysis accounts for relationships between vari-
ables (Fukuchi et al., 2011), so while the distribution of certain
variables (e.g. pelvic drop) may overlap between runners, the com-
bination of many variables provides a smaller distribution and a
more reliable (consistent) representation of an individual’s running
pattern than separate univariate distributions.

Limitations to this study are acknowledged. First, the similar
distribution of pelvic drop may represent a consistent biological
pattern among all healthy runners in this study, however, previous
research has shown differences in pelvic drop between healthy and
injured runners (Dierks et al., 2008; Nakagawa et al., 2012; Willson
and Davis, 2008; Willy et al., 2012). Thus, the current result could
be due to an inability to reliably determine pelvic drop from a sin-
gle IMU. Likewise, other common variables in running biomechan-
ics analyses (e.g. joint kinematics and kinetics) that cannot be
recorded from a single IMU might be relevant when defining a
stable running pattern. Future research using IMUs placed on mul-
tiple locations and a broader representation of commonly used
biomechanical variables is therefore necessary to further define a
stable running pattern. Second, this study represents one possible
way to define the number of runs needed to establish a stable run-
ning pattern and other definitions of stability (e.g. a set percentage
of similar data points) may be relevant. However, a set percentage
may be difficult to achieve for all runners, as this study showed not
all individuals reached the same percent of similar data points.
Furthermore, the definition of a stability point may depend on sim-
ilarities between runners (Clermont et al., 2018), and the research
question. Therefore, it is likely that a subject-specific or research
question-specific definition of stability is better than an overall sta-
bility point. The third limitation is that the runners had no restric-
tions on running route or clothing, yet the data included in the
analysis were constrained to level sections of the recorded runs.
It has been shown that uphill and downhill running routes
(Giandolini et al., 2016; 2015), variations in speed (Benson et al.,
2018), or environmental factors (Ahamed et al., 2018) can influ-
ence running biomechanics. Future analyses should consider the
effect of these factors on the ability to define a stable running
pattern.
5. Conclusion

In conclusion, based on longitudinal biomechanical data col-
lected using a single IMU placed on the lower back, this is the first
study to define an approach for establishing a stable running pat-
tern in real-world settings. As biomechanical research moves out-
side of the traditional laboratory setting, this novel methodological
approach is recommended to better understand and define day-to-
day changes in gait patterns and the influence of ever-changing
extrinsic factors.
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