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Introduction 

In Europe, almost 13% of the population runs on a regular basis 1,2. Running is considered to 

be an accessible and low-cost solution for improving health 3,4. Despite its significant 

potential for improving public health, however, running is associated with high injury rates 
5–8. Injuries disrupt the adherence to training routines and may even result in permanent 

drop out. As a result, the potential health benefits or desired performance goals are 

compromised.  

Feedback from wearables could play an essential role in performance improvement, 

injury prevention and lasting sport adherence since wearable devices allow timely 

corrections by self-regulation or ambulant guidance 9–12. Around 60%-73% of so-called 

'event runners' make use of a sports watch, and around 30%-50% uses a smartphone 

application during their runs 13–15. The rapidly growing popularity of wearable technology 16 

can be explained mainly by health concerns associated with an inactive lifestyle 4. Guiding 

feedback through wearable devices may prove to be especially beneficial for the growing 

population of unorganised sport participants 1. To benefit wearable technology, it is 

essential that the feedback is interpreted correctly and that the runner can bring about the 

required modification of behaviour. Yet, the accuracy 17–19, the personalisation and 

personalised instructions following the feedback 9,12,14,20 pose serious concerns and 

challenges for a successful implementation of wearable technology for performance and 

health purposes.  

Out of the lab and into the real-world 

Popular wearable devices in running are sports watches, activity trackers, smartphone 

applications, foot pods and heart rate monitors. Such wearable devices can be used 

interactively. Sensors for the measurement of quantities like position (GPS), acceleration 

and heart rate are embedded in wearable devices 21. These sensors allow runners to capture 

their activity and receive feedback during, or after the activity. Speed and heart rate serve 

as intensity measures; training load is quantified using distance and time; and running 

technique is captured using metrics such as stride frequency, contact time, and vertical 

displacement. Via online dashboards, runners can track their progression, share their data  
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with their coach, or engage in social competition. People make use of wearable devices on 

a daily basis which creates new opportunities for self-regulation, coaching and scientific 

research (Table 1.1). In running, the measurements allow objective quantification of 

training load, training behaviour and running technique. Runners are motivated by the 

feedback they receive and might be able to timely correct their behaviour. Coaches and 

practitioners can monitor athletes without the necessity to actually see them. For science, 

the large datasets captured in a natural context provides new opportunities for gaining 

new insights into running and running related issues. Laboratory studies with dedicated 

equipment generate, in general, more accurate and more reliable results than field studies 

involving wearable measurements. Whereas the dynamic natural context of field 

measurements with wearable devices may enhance the ecological validity of the research 
17,22.  

The wearable technology provides a new prospect for the understanding of complex 

multifactorial relationships between performance, injury prevalence, subject 

characteristics, motivation, training behaviour and running technique. The feedback in 

current wearable technology is typically simplified to presenting the recordings directly 

and the interpretation and personalised instructions are limited. To fully benefit from the 

wearable technology, it is, from all perspectives, required that the accuracy and context 

Table 1.1. Benefits of using wearable technology in running 

Timely feedback  
• Enhanced learning by timely corrections 
• Injury avoidance due to timely corrections 
 

Frequently monitoring 

• Monitoring adherence 
• Tracking progression (e.g., fitness, fatigue, running technique) 
• Injury risk warnings due to quantification of training load 
 

Connectivity and sharing 
• Remote guidance 
• Peer motivation 
 
Analytical benefits 
• Objective 
• Large individual datasets (longitudinal studies, retrospective) 
• High ecological validity 
• External and internal load quantification 
• Benchmarking 
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are sufficiently taken into account to allow a clear interpretation of the data 22–24. More 

personalised guidance can be acquired when data is benchmarked against a reference 

dataset, which may help the runner decide how to change his or her behaviour 9,25. 

Following the analytical improvements, the runners may benefit from clear personalised 

instructions.  

Training load and running technique 

The external training load consists of a combination of session frequency, intensity and 

duration 26,27. The external training load is easily quantified using variables such as time, 

distance and speed 28,29. Although no common factor in training error has been identified 

to date 30,31, most researchers consider running too fast and training too much as primary 

risk factors 23,26,29,32–34. One might contend that feedback about distance or speed in relation 

to distance goals may enhance, rather than reduce, injury risk 35. The (internal) 

physiological load is typically quantified based on heart rate 36–39. Several measures are 

applied by commercial platforms based on the acute:chronic workload ratio principle 26. 

Where the acute (short term) and chronic (long term) cumulative cardiac load are 

respectively denoted with ‘fatigue’ and ‘fitness’ 26 and the ratio expresses the ‘form’ as an 

index of the runner’s preparedness.  

In addition to the physiological load, mechanical load may differ substantially 

between runners. The mechanical load strongly dependents on running technique. 

Variations in running technique result in differential mechanical loading of specific 

anatomical structures, which is believed to affect injury risk, efficiency and performance 
40–45. Folland et al. 46 found that running technique explained 39% of the variation in energy 

costs and 31% of the variation in performance across runners. Accordingly other studies 

have shown that changes in running technique affects energy cost 47–53. Due to the high 

accumulating number of steps each training session even small adjustments in running 

technique may already lead to substantial effects on injury risk, efficiency and 

performance. Running technique is therefore of relevance for the novice to the elite runner. 

Despite the essential role of running technique with regard to training load and efficiency, 

the interpretation of parameters related to running technique remains ambiguous 54.  
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Data processing hierarchy 

It is challenging to provide high-quality feedback on running technique under real-world 

conditions due to the many factors that create variation in the data. These factors comprise 

measurement errors or weather (e.g., precipitation, temperature, light) and terrain (e.g., 

surface, elevation) conditions. Then there are individual characteristics, for example, the 

state of fatigue or strength and anthropometrics that also lead to variation. Finally, some  

of the variation in the data may originate from gait adaptations made by the runner, e.g., 

to explore or improve running technique or to cope with fatigue or pain. It is therefore 

likely that together with the volume of a large dataset, the sources of variation increase. 

As a consequence, conclusions based on higher levels in the hierarchy may not be valid for 

a specific individual in a particular situation, unless improvements in the quality of 

interpretation are made. It is therefore essential to distinguish between measurement 

errors, contextual variation and variation due to voluntary movement changes to enable 

accurate feedback. Data processing can be organised hierarchically from signal processing 

to aggregated datasets at the population level (Figure 1.1). Where potential improvements 

in the quality and interpretation of data can be made from the moment that a parameter 

is captured up to the sources for variation related to individual characteristics. 

 
Figure 1.1. Data sources organised hierarchically by size. This dissertation is organised 
accordingly.  

Population 

datasets

Individual 

dataset

Activity 

file

Raw 

signal

Population benchmark, 
Chapter 5, 6, 7

Individual benchmark, 
Chapter 4, 5, 6

Validation, 
Chapter 3

Detection, 
Chapter 2
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Objective and outline 

This thesis aims to improve the interpretation of wearable feedback on running technique. 

To this end, the studies described in the following chapters will examine practical solutions 

to improve the accuracy and interpretation of data at various levels of the data hierarchy 

(Figure 1.1).  

Stride detection from an acceleration signal 

Measurement errors can readily occur in the data collection process when an algorithm 

parametrises the raw signal. Understandably, in a controlled environment (e.g. running on 

a treadmill), with a fixed sensor position and without computational constraints a high 

accuracy can be attained 21,55. However, runners use wearables in real-world conditions 

where sensor specifications (battery life, computational power, storage, and signal 

transmission) and different contexts may challenge the accuracy. It is known that 

inaccuracies can occur because of the placement of the sensor placement on the body, the 

movement speed and the type of activity 56,57. In Chapter 2, we discuss various step 

detection approaches and propose a novel adaptive algorithm that explicitly detects strides 

(left and right steps). To simulate the expected variety of real-world conditions, we 

validated the algorithm under a wide variety of conditions and for ten different sensor 

locations.  

Speed from GPS and contact time 

One wearable device typically contains multiple sensors that collect a variety of 

parameters. Each sensor has its limitations and strengths. The accuracy can be improved 

by cross-validating and fusion of parameters from various sensors (sensor fusion).  

Running speed is essential to evaluate training intensity and running technique. 

Unfortunately, the speed as measured by GPS can be inaccurate 55. Under normal 

conditions, GPS accuracy may range from 5 to 15m 58 resulting in substantial measurement 

errors in the estimated positions and thus in the running speed derived from these 

positions. It is well known that ground contact time closely relates to running speed. In 

Chapter 3, we explored the possibility of using ground contact time to improve the 

estimate of running speed. 
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Energetic optimum based on heart rate 

One of the current drawbacks of feedback on running technique is that it provides runners 

with little guidance as to how to improve running technique. Simply put, the runner should 

know whether he or she should increase or decrease a particular feedback value, which is 

often not the case. A promising approach might be to guide the runners towards the 

energetic optimum during running. Researchers have used oxygen uptake to identify stride 

frequency with the lowest metabolic costs while running at a certain speed 47,50–52. Heart 

rate is seen as a practical alternative as it is measured accurately by commercial devices 

and is considered to be a valid method proxy of energy expenditure 59–61. Previous studies 

have suggested that novice runners in particular may be running at step frequencies below 

their energetic optimum. Therefore, Chapter 4 reports on the use of heart rate to 

determine an optimal stride frequency at which energy expenditure would be minimal in 

novice runners at a range of training speeds.  

Inter-individual differences in stride frequency 

There is a persistent belief among trainers and runners that stride frequency should be 90 

steps per minute. In contrast, current research suggests that step frequency is speed-

dependent and may vary as a result of individual characteristics. In Chapter 5, we report 

the inter-individual differences in step frequency for 16.128h of running in 256 runners. To 

this end, we explored the relationship between running speed and step frequency and 

assessed how this relates to anthropometrics, training behaviour, experience and injury 

history. 

Running styles from wearable data 

Because of the constraints imposed by the laws of physics, biomechanical parameters are 

interdependent. Each feedback parameter only represents a selected feature of a complex 

movement pattern. Several researchers have noted that multiple parameters are required 

to characterise running styles 46,62,63. For the interpretation of feedback parameters, 

understanding the dependency between biomechanical parameters is crucial, because this 

may imply that a parameter cannot be interpreted in isolation, but requires the context of 

additional parameters. To clarify the interpretation, we evaluate the extant literature on 

the mechanical concepts underlying the parameters, their relationship with running speed, 

and their interdependence, in a synthetic review presented in Chapter 6.  
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Profile of runners 

The categorisation of runners into groups may prove useful as a reference population for 

individual runners with a particular profile falling within a (pre)specified category. A 

premise of a category is that the runners within a given category share the same 

characteristics. Commonly the group of recreational runners is treated as a homogenous 

group. However, performance within this varies widely. We hypothesised that motivation, 

experience, anthropometrics, training behaviour and injury risk relate with performance 

and that the variation in performance within the group of recreational runners is too large 

to be treated as a homogenous group. In Chapter 7, we studied how the before mentioned 

factors relate with performance level in 1802 runners  

Epilogue 

In Chapter 8, we integrate and discuss the results of the studies in this dissertation. We 

address their implications and provide suggestions for future research, technology 

development and coaching.  
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Stride detection algorithm 

Adapted from 

van Oeveren, B. T., de Ruiter, C. J., Beek, P. J., Rispens, S. M. & van Dieën, J. H. An adaptive, 

real-time cadence algorithm for unconstrained sensor placement. Med. Eng. Phys. 0, 1–10 

(2018). 
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Keywords 

running; step detection; accelerometer; Sylvester’s criterion; cross-correlation; 

autocorrelation 

Abstract 

This paper evaluates a new and adaptive real-time cadence detection algorithm (CDA) for 

unconstrained sensor placement during walking and running. Conventional correlation 

procedures, dependent on sensor position and orientation, may alternately detect either 

steps or strides and consequently suffer from false negatives or positives. To overcome this 

limitation, the CDA validates correlation peaks as strides using the Sylvester’s criterion 

(SC). This paper compares the CDA with conventional correlation methods. 22 volunteers 

completed 7 different circuits (~140m) at three gaits-speeds: walking (1.5 m·s-1), running 

(3.4 m·s-1), and sprinting (5.2 and 5.7 m·s-1), disturbed by various gait-related activities. 

The algorithm was simultaneously evaluated for 10 different sensor positions. Reference 

strides were obtained from a foot sensor using a dedicated offline algorithm. The described 

algorithm resulted in consistent numbers of true positives (85.6 to 100.0%) and false 

positives (0.0 to 2.9%) and showed to be consistently accurate for cadence feedback across 

all circuits, subjects and sensors (mean±SD: 98.9 ± 0.2%), compared to conventional cross-

correlation (87.3 ± 13.5%), biased (73.0 ± 16.2) and unbiased (82.2±20.6) autocorrelation 

procedures. This study shows that the SC significantly improves cadence detection, 

resulting in robust results for various gaits, subjects and sensor positions. 
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Introduction 

All forms of human locomotion are cyclic in nature. Understandably, the detection of the 

fundamental movement frequency (cadence) is of interest and has served as a basis for 

physical activity assessment 64,65, activity recognition 66,67 and detection of spatiotemporal 

events within the gait cycle (e.g. initial contact, toe-off) 68–71. In addition, cadence is related 

to energy expenditure in running 47, swimming 72, skating 73 and rowing 74 and impact forces 
45 in running. The use of electronic devices, such as sport watches and smartphones, is 

rapidly increasing 75. These devices are commonly equipped with tri-axial accelerometers 

used to provide feedback on cadence. However, the devices are carried at many different 

locations on the body, while sensor orientation and position may have a large impact on 

the accuracy of cadence detection. Especially the smartphone is often loosely fixated and 

carried with variable orientation. Cadence detection is further challenged by gait 

transitions and variation between activities, such as walking, running and climbing stairs 

and by gait-related interruptions, such as stopping, going through a fence, or stepping 

over an obstacle. Lastly, the algorithms are expected to provide real-time feedback and 

consequently computation on the device is required. Clearly, the diverse usage of devices 

in everyday conditions challenges algorithms for accurate cadence detection.  

Different approaches to estimate cadence have been proposed. Approaches can be 

divided in clustering, time-domain and frequency-domain techniques 57. Each approach 

has specific advantages and disadvantages. The clustering techniques require training of a 

model, which makes generalisation and quick adaptation across various situations and 

sensor orientations difficult. In the time-domain, acceleration signals are typically first 

low-pass filtered before detection of peak or zero-crossings 57,76. The disadvantage is that 

variations in sensor position, sensor fixation, terrain and activity require dynamic 

thresholds for peak detection. Sensor position and movement intensity alter the signal-

to-noise ratio, which makes peak detection in the time-domain prone to false positives or 

negatives 77. 

Alternatively, the cadence can be estimated in the frequency domain using the Fast 

Fourier Transformation (FFT) 69,77–79. Disadvantage of the FFT are resolution problems that 

occur depending on the choice of the (time) window length 57. With long windows, the 

accuracy of the frequency estimate is reduced and feedback will be delayed 77. On the other 
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hand, short windows reduce the relative power at the dominant frequency and 

consequently the reliability of the estimate. Wavelet analysis has been introduced as an 

alternative 80. However, the optimisation process underlying the wavelet analysis makes 

the computational load relatively high 81 and therefore wavelet analysis is considered to be 

less useful for real-time analysis and on-sensor processing.  

Correlation procedures share advantages and disadvantages with frequency domain 

techniques, but the correlation spectrum corresponds directly with the time-domain 

(Figure 2.2, 2.3). In walking and running, peak correlation coefficients are found when the 

original signal and its time-delayed copy (autocorrelation) have an overlap of one step or 

stride, depending on the sensor position and orientation. The correlation peaks represent 

the average periodicity over the chosen window. Crucial steps in correlation procedures 

are the choice of the window length, selection of the signal and the procedure to detect 

the peak that represents the true fundamental movement frequency. As an alternative to 

autocorrelation, cross-correlation procedures are used for template matching 76,82, where 

an online or offline defined template is correlated to the signal. A disadvantage of 

template-matching is that the template has to resemble the signal quite closely for 

accurate detection and therefore is prone to suffer from mismatches. Cross-correlation 

procedures 57,83,84 can also be applied without a pre-defined template, which may improve 

generalizability and adaptiveness. Cross-correlation procedures without pre-defined 

templates compare sequential movement traces.  

When the orientation of the sensor is known, the vertical acceleration is often 

isolated 77,85 and used for the correlation procedure. Note that changes in sensor orientation 

during the activity may reduce accuracy. When the orientation is unknown, two solutions 

are often applied:  

(i) The orientation of the sensor’s local axes is re-aligned to match the global (earth) 

orientation. To this end, gyroscopes (and magnetometers) are often used. Note that the 

re-alignment should be representative throughout the movement. For real-time 

processing, the processing of multiple sensors simultaneously is disadvantageous for the 

computational load and battery life 57.  

(ii) Alternatively, the magnitude of the acceleration signal is calculated 77,85. Note that 

by calculating the magnitude, directional information is lost. Consequently, the signal 

frequency increases, which may increase the number of false positives. Without 
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differentiation between half cycles (steps) versus whole cycles (strides) the algorithm is 

dependent on the sensor position. Centrally placed sensors will tend to detect steps, while 

sensors placed on the limbs will tend to detect strides. The sensors placed outside the 

midline but central on the body, such as sensors placed round the hip, will likely result in 

inaccurate cadence detection since they will inconsequently detect steps or strides. 

Moreover, when the goal is to detect steps, asymmetrical gait patterns, orientation, 

fixation and mediolateral placement will likely cause differences in left and right 

acceleration patterns. Such situations occur frequently in everyday conditions and may 

reduce the power of correlation between sequential steps. We reasoned that the correlation 

between two sequential strides may provide more stable cadence estimation and prevent 

step-stride confusions by verifying correlation peaks using the Sylvester’s criterion (SC). 

The SC requires all directions of the reference signal to correlate positively with all 

directions of the incoming signal, this prevents the need to isolate a certain axis or to 

combine axes and makes the algorithm independent of sensor orientation. 

Previous studies have described algorithms with reasonable to good results for the 

estimation of movement frequencies. These algorithms were often specifically designed 

for walking (e.g. 67,69,77,85). Moreover, as argued by others, validation protocols have been 

often overly simplified and did not represent the variability of everyday conditions 57,65,77. 

Furthermore, many algorithms rely on specific constraints, often sensor position and 

orientation have to be known and/or multiple sensors have to be used 67,69. To our 

knowledge, there is no algorithm yet capable of dealing simultaneously with (i) 

unconstrained sensor placement; (ii) everyday conditions and (iii) real-time processing on 

the sensor. Therefore, the goal of the current study was to design and validate an algorithm 

that accurately detects strides and provides cadence feedback during walking and running 

under unconstrained conditions.  
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Material and methods 

Participant 

Twenty-two healthy participants (nine females, thirteen males, 28±2.9 yrs, 178±9.5 cm and 

70±10 kg) participated in this study. Participants were recruited from the university 

population. All participants provided written consent approved by the local ethics 

committee of the Vrije Universiteit Amsterdam in accordance with the guidelines set out 

in the Helsinki Declaration regarding human research. 

Equipment 

Accelerometer data were gathered from 3 Samsung Galaxy S4 phones (136.6 x 69.8 x 7.9 

mm, 130 gram (weight), 100 Hz, +/-19.6 g (range)) and 7 small 9-DOF IMU’s (MPU-9150, 

Invensense, San Jose, USA: 35 x 25 x 11 mm, ±12.5g (weight), 500 Hz, +/-16.0 g (range)) 

(Figure 2.1). Sensor fixation differed per position, the sensors on the leg were strapped 

with elastic bands, shoe-sensors were taped, one phone was worn in the trouser pocket, 

the phones carried on the upper arm and around the waist (on the back) were placed in 

commercial neoprene belts and a dummy phone with a sensor was held in the hand. To 

measure speed, a GPS watch (Garmin Forerunner 620) was used. Activities were labelled 

afterwards using video footage (60 Hz) of three cameras. To enable actual implementation 

on the smartphone, the algorithm was simultaneously optimised for Java code and tested 

on Samsung Galaxy S4 phones. However, this paper focusses on the method and analysis 

performed offline in Matlab. 

 

 

Figure 2.1. The 10 sensor positions 
used for the validation of the stride- 
and stepdetection algorithms.  
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Protocol 

Participants had to walk or run outdoors back and forth on seven different circuits 

(distances of about 140m, 210m and 50m) at three freely chosen gait speeds: walking, 

running, sprinting. Sprinting was performed under two conditions: with a sudden start and 

stop and with gradual acceleration and deceleration. Within each circuit, the regularity of 

the movement was interrupted by short gait-related activities, such as turns, jumping, 

slalom, speed ladder, answering the phone and stair walking. To further challenge the 

algorithm, most circuits were performed twice, once on paved and once on a grass surface 

(Table 2.1). Participants were free to fixate the 10 sensors in a way they felt comfortable 

for running. The researcher only assisted with the placement of these sensors. Prior to the 

measurements, participants were informed about the type of activity, without detailed 

instructions on the execution of the activity. The IMU’s started sampling simultaneously 

once they were removed from their power source. To synchronize the smartphones with 

the IMUs and video footage, the participants were asked to make a jump prior to the actual 

experiment, which caused a clear peak in the acceleration signal that was used for 

synchronisation.  
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Figure 2.2. Visualisation of the protocol. The participants completed 7 different circuits 
interrupted by various gait-related activities. Some of the circuits were done twice with 
variations in surface (paved or grass). The short circuit 1-5 was 70 m long and the long circuit 
6 was 105 m long. The length of the long jump was freely chosen. For the speed ladder and 
the slalom 6 lines were taped to the ground with 60 cm apart in running direction and 60 cm 
overlap in sideward direction. In the speed ladder condition, participants had to place their 
feet between the lines. During the slalom, the participants had to slalom between the lines. 
The stair consisted of 11 steps. During answering the phone condition, the phone was picked 
up from the trouser pocket and held against the ear for approximately 10 m during walking.  
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Algorithm design  

We reasoned that the detection of strides may be preferred over the detection of steps to 

provide more robust results and more similar output across sensor positions. The 

developed algorithm is in essence a cross-correlation procedure, where, like conventional 

procedures, the distance between correlation peaks corresponds with periodicity of the 

signal (step or stride cadence). However, with conventional methods spurious correlation 

peaks do occur, causing false positives in the step or stride detection. To reduce the number 

of false positives, the detected correlation peaks are subsequently verified using the 

Sylvester’s criterion (SC). A peak is verified as a cycle (stride) when the accelerations in all 

directions of the preceding signal (part A) correlate positively with all directions in the 

incoming signal (part B). The algorithm as a whole is further referred to as the Cadence 

Detection Algorithm (CDA) and will be explained in greater detail in the next section.  

Pre-processing 

Figure 2.3, describes the seven-step algorithm. The first three steps of the algorithm are 

required for pre-processing and to verify sensor movement. First acceleration data, 

initially a 4 s epoch, are buffered. The first 2 s (A) are correlated with the last 2 s (B) in the 

buffer. The duration of A remains 2 s during the process. The buffer length of B starts with 

2 s and is adjusted in next iterations according to recent determined cycle durations 

(Figure 2.3). Once the buffer contains sufficient data, the accelerometer data are pre-

processed. The buffered tri-axial accelerations are resampled by linear interpolation to 50 

Hz and smoothed with a 4th order median filter. The interpolation is done mainly to 

remove jitter (fluctuating sample rate), in view of later implementation on the smart-

phone. In the fourth step of the algorithm, a compliant movement check is done to decide 

if the signal contains a potentially meaningful movement. The pre-processed signal is 

considered to contain a potentially meaningful movement when the square root of the 

summed variance of the pre-processed signal exceeds 0.5 m·s-2 (Eq. 2.1). Resampling and 

the movement check are useful to reduce the computational load. The threshold for the 

movement detection (0.5 m·s-2) was derived from the measured data in this study and 

found to be sufficiently sensitive to include all real events.  

(2.1) movement = (var(B!), +var0B"1 + var(B#)	 > 0.5	m · s$%	 
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Figure 2.3. Processing steps for the CDA-algorithm: 1 and 2) First two steps, tri-axial 
accelerations are determined and buffered. 3) During pre-processing jitter is removed and 
sample frequency is interpolated to 50 Hz. 4) Before further calculations are performed there 
is a compliant check to verify that there is sufficient amplitude to count as a movement. 5) 
Subsequently, the duration of the cycle is determined by verifying peaks with the Sylvester’s 
criterion (SC). 6) For demarcation of the cycle boundaries, the algorithm ‘snaps’ to a nearby 
point with low summed acceleration. 7) Lastly, cadence is calculated from the result of the 
correlation spectrum. 
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Detection and validation 

The fifth step of the algorithm is the most relevant step for understanding the benefit of 

the current algorithm, as it distinguishes this algorithm from previous correlation 

procedures by validating the correlation peaks. A mathematical description of these steps 

can be found in Appendix A. The validation procedure is visualized in Figure 2.4. When 

part B has a negative overlap of exactly one movement cycle (stride) a correlation peak is 

expected in the correlation spectrum. With validation of this peak, the algorithm can 

determine whether the peak indeed corresponds with one cycle. To this end, four sub-

steps are applied: (a) All three directions in part A of the acceleration signal are cross-

correlated with all three directions in part B, resulting in nine (3x3) correlation traces. (b) 

The correlation traces are summed and differentiated. Peaks are denoted by the change in 

sign from positive to negative. (c) The nine correlation traces at the selected peak index 

are 3th-order averaged. (d) The SC is applied to verify each peak and two neighbouring 

samples. The SC is applied on Mi. Mi is calculated by the correlation matrix at the peak, 

summed with its transpose (Eq. 2.2). The SC states that the 3x3 matrix Mi is positive-

definite if the determinants associated with all upper-left submatrices of Mi are positive 

(Eq. 2.3). This indicates a positive correlation independent of sensor orientation (see 

appendix for details). 

 

(2.2) 9& = :&' + X&'T 

(2.3) <=& = det09&,(*,*)1 > 0	&	 det09&,(*,*),(*,%),(%,*),(%,%)1 > 0	&	det	(9&) > 0 
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Figure 2.4. Sylvester’s Criterion verification for a step and stride. The figure illustrates the 
correlation procedure and the resulting correlation matrix summed with its transpose. The 
second signal slides back over the first signal. With the overlap of one step, this results in the 
left correlation matrix. With the overlap of one stride, the result is shown in the right 
correlation matrix. When the correlation matrix is positive definite (at the stride), the 
Sylvester’s Criterion tests positive. This is the case when acceleration signals of all directions 
are positively correlated.  

Adjustment of the cycle demarcation 

The sixth step of the algorithm is used to refine stride duration and demarcate cycle 

boundaries. Note that correlation peaks do not necessarily coincide with spatiotemporal 

events such as heel strike. Therefore, also small phase shifts between sequential strides 

may cause small errors in the determined stride duration. As a generic solution, the stride 

duration is corrected by snapping from the estimated cycle-end, to a point where 

acceleration is minimal. To this end, the accelerations are mean-centred and summed 

within the range of +/-0.5 times the cycle duration (period) around point j (Eq. 2.4). The 

positive to negative zero-crossing nearest to j is chosen as cycle-end. For ongoing 

movements, this point is used as the start of the next cycle, resulting in a recurring 

unspecified spatiotemporal moment within the cycle.  

(2.4) Acc!"# = B < a!,, > +< a",, > +< a#,, >
-./.1∗345,67

,8-$/.1∗345,67

 

Where j is the index estimated by the period found in step 5.  
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Buffer length adjustment 

Finally, the algorithm goes back to step 1, but buffer length is adjusted. A minimal buffer 

length reduces computational load and prevents feedback latency. The required length of 

the buffer is estimated from the previous cycles and depends on the presence of a cycle in 

the previous iteration. When a cycle has been found in the immediately preceding 

iteration, 1.5 times the average cycle length over the last 5 iterations is used to determine 

the next buffer length, where missing cycles are ignored. Note that the buffer length is 

slightly over-estimated to ensure inclusion of a full cycle in the next iteration. When the 

preceding iteration did not result in a positive outcome, the buffer length is estimated by 

multiplying the current buffer length by 1.2 to a maximum of 2 s. The scaling of 1.2 times 

the buffer length was determined empirically and the maximum of 2 s corresponds with 

30 strides·min-1, which is sufficiently long for any kind of walking and running. Note, that 

the buffer length is adjusted to the most recently found cycle durations, e.g. it will shorten 

in length when cadence is increasing and vice versa.  

Cadence feedback 

In the seventh step, cadence is calculated using Eq. 2.5 after which the signal is 5th-order 

median filtered. Where (ti - ti+1) denotes the difference in timestamps associated with the 

strides.  

(2.5) Cadence = 60/(t, − t,.*) 

Reference signal 

To evaluate the CDA, reference strides were found using a second, offline algorithm written 

to detect landing impacts from foot sensor data. For the reference algorithm, the gyroscope 

and data were low-pass Butterworth filtered (resp. 10 Hz, 5th order and 3 Hz, 1st order). 

Strides were detected by the zero-crossings from the filtered gyroscope data and preserved 

if they were accompanied by both an average gyroscope peak above 5 deg·s-1 and a square 

root summed squared acceleration peak above 12 m·s-2. Visual inspection of the 

accelerometer and gyroscope traces in combination with video footage were used to verify 

the reference strides and sporadic corrections were made manually where needed. 
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Analysis 

First, the performance of the CDA was evaluated for the 10 sensor positions by comparison 

with the reference strides. To this end, both true positives (TP) and false positives (FP) 

were calculated. Secondly, the cadence feedback was compared with three conventional 

correlation procedures. The data were processed and analysed with (R2014b, MathWorks 

Inc., Natick, MA, USA). 

Direct comparison with reference strides 

The calculation of the TP’s and the FP’s was done as follows. First, the detected strides were 

paired with the reference strides based on minimal differences in timing. Matching pairs 

signify TP’s, while detected strides lacking a reference counterpart signify FP’s and the 

remaining reference strides represent false negatives (FN). For the various sensors, the 

timing of cycle demarcation is not expected to coincide exactly with reference strides 

measured at the foot. Therefore, the difference between TP’s and the reference signal was 

first calculated; 3th-order median filtered and subtracted from the timestamps of the 

strides detected by the algorithm. With the correction for a possible small (several ms) 

shift, the TP’s were then re-calculated. The TP’s and FP’s were expressed as percentages of 

the total number of reference strides (resp. TPR and FPR). To take into account both the 

TP’s and FP’s, F1-scores were used (Eq. 2.6) as calculated according to Bejarano et al. 69. 

The F1 scores were used to compare the accuracy of the 10 sensor positions in a one-way 

ANOVA over the participants. Games-Howel posthoc analysis was performed to determine 

significant main effects (p<0.05).  

(2.6) 

Precision	(P) = 	TP/(TP + FP) 

Recall	(R) = TP/(TP + FN) 

F19:654 = 2 · PR/(P + R) 

Calculation of cadence feedback  

The ultimate goal of the algorithm described is to provide cadence feedback. To evaluate 

the accuracy of CDA in this regard, the cadence signal (from step 7) was interpolated to a 

3Hz grid, to allow direct comparison with the reference cadence. A percentage feedback 

error was calculated using (Eq. 2.7). An 80%-percentile error was calculated from this 
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feedback error to express the range of the absolute error. A feedback score was calculated 

using the feedback error (Eq. 2.8). These feedback scores were obtained from calculations  

over the complete circuit including the disturbances due to gait-related activities.  

Comparison with conventional correlation procedures 

The CDA differs from the conventional correlation procedures by the additional validation 

of the correlation peak using the SC (Figure 2.1, Step 5). Therefore, to assess the added 

value of the SC for the provision of instantaneous feedback, step five of the algorithm was 

replaced by each of the three conventional correlation procedures. These three procedures 

were: unbiased cross-correlation (Figure 2.3b), unbiased autocorrelation (Figure 2.3c) 

and biased autocorrelation (Figure 2.3d). The step durations for the cross-correlation and 

unbiased autocorrelation (Figure 2.3b-c) were calculated as the time to the first peak in 

the correlation spectrum. For the biased autocorrelation, the time to the highest peak in 

the correlation spectrum was used as step duration (Figure 2.3d). For these procedures, 

the magnitude of acceleration was used in the correlation procedure to deal with the 

unknown sensor direction (Figure 2.3b-d). Because magnitude is used, the procedures 

cannot differentiate between steps or strides and are therefore implemented as step-

detection procedures. This implies that the limits of the stride duration (0.4 to 2 s) were 

set to 0.2 to 1 s for the step duration and the (stride based) cadence feedback was doubled.  

  

(2.7) Feedback error(i)= Q|<4=	:?74@:4(,)$ABC65,DEF	:?74@:4(,)|
54=	:?74@:4(,)	

R × 100%  

(2.8) Feedback	score(i) = 100% − Feedback	error(i)  

Where i is the index in the interpolated cadence trace.  
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Figure 2.5. The four correlation procedures compared in this study. The left panels display the 
signals used as input for the correlation. The right panels the output of the correlation 
procedure. Only the SC algorithm (a) is reliant on separate tri-axial accelerations. The other 
procedures use magnitude accelerations as input for the correlation procedure. The cross-
correlation based procedures (a, b) compare subsequent signals A and B, where the 
correlation signal will be as long as the duration of B. The autocorrelation-based procedures 
(c, d) correlate a copy of the whole signal. The right panels display the signal used for peak 
detection. The right panel of the SC displays the sum of the 3x3 correlation signals resulting 
from tri-axial signal. For the other procedures, the result of the correlation is used directly. The 
dotted line is the part of the signal that can be ignored since these peaks fall outside the 
window in which the next stride or step can be expected. Only the SC (a) procedure is a stride 
detection procedure, while the other procedures can be classified as step-detection 
procedures and window limits are thus set accordingly (resp. 0.4-2s and 0.2-1s). 

a. Sylvesters Criterion

b. Cross-correlation

d. Biased autocorrelation

c. Unbiased autocorrelation
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Results 

Direct comparison with the reference strides 

In total 14881 strides were evaluated (mean ± SD: 676 ± 92.7 per participant) (see Figure 
2.2. for the details of each activity). For the seven dedicated sensors and the three 
smartphones, mean true positive rates (TPR) ranged from 85.6 to 100.0% and false positive 
rates (FPR) from 0.0 to 2.9% during walking, running, and both types of sprinting (Figure 
2.4). The mean score over the all circuits, including all disturbances and transitions, 
ranged, for TPR from 72.9 to 91.2%, and for FPR from 0.1 to 3.4% (Figure 2.6). Using one-
way ANOVA, significant differences were found in F1-scores between sensor positions 
(Welch’s F (9, 81.07) = 12.35, p < 0.001). Post-hoc analyses indicated that the accuracy was 
significantly lower for the hand-held sensor (mean±SD: 82.94 ± 6.03 %) compared to all 
other sensor positions (p < 0.001).  

 

Table 2.2. Activity descriptive statistics for various activities and over all participants.  
With total; median±IQR (interquartile range).  

Activities Activities Strides Duration (s) Speed (m·s-1) 

Walka 204; 11±1 799; 34±14 1885; 9.6±5.5 1.5±0.4 

Runa 669; 33±7 5444; 242±80 4400; 5.5±5.2 3.4±1.3 

Sprint 1a 23; 1±0 347; 15±4 207; 8.8±2.9 5.7±3.6 

Sprint 2 21; 1±0 554; 30±7 357; 17.1±4.7 5.2±1.9 

Turna 241; 12±2 1121; 56±30 881; 3.0±1.7 3.2±2.0 

Answer phonea 42; 2±0 556; 26±6 583; 13.3±4.0 2.0±0.9 

Slaloma 69; 3±0 508; 25±8 346; 5.0±1.3 3.3±0.9 

Speed laddera 74; 4±0 318; 16±6 186; 2.5±0.9 3.6±0.9 

Stair_upb 70; 4±0 405; 23±2 334; 4.2±2.3 1.9±1.2 

Stair_downb 70; 4±0 379; 22±2 285; 4.1±1.7 1.8±0.9 

a Activity was performed on pavement and grass. b Activity was performed during walking and 
running. Sprint1: sudden start and stop. Sprint2: gradual speed increase/decrease. 
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Comparison between sensor positions 

The feedback score was used to calculate a median agreement over the participants. For 

the CDA, these ranged from 98.8% (Hand) to 99.0% (Heel) for walking, running and the 

two sprinting conditions. The 80%-percentile feedback error ranged from 2.5% (Instep) to 

3.2% (Hand), indicating that for 80% of the detected strides feedback errors fell within this 

range. For the complete circuit including all interruptions, median agreement ranged from 

98.6 to 98.9% and 80%-percentile feedback error from 3.1 (Heel) to 4.6% (Hand).  

Comparison between correlation procedures 

Figure 2.7 illustrates the median feedback scores for the various sensor positions between 

the four correlation procedures. The SC-based procedure provides substantially higher 

cadence feedback agreement (mean±SD: 98.9±0.2%) relative to the three other correlation 

procedures: cross-correlation (87.3±13.5%), biased autocorrelation (73.0±16.2) and 

unbiased autocorrelation (82.2±20.6). Note that both the between sensor variation and the 

between subject variation are very low for the SC-based procedure (Fig 5a).  

 

 

 

Figure 2.6. True and false positives rates. The bars represent the true (upper: TPR) and false 
positives rates (lower: FPR) detected by the CDA. The rates are based on all sensor positions 
for the complete circuit, for walking, running and sprinting with a sudden start-stop (sprint1) 
and sprinting with a gradual speed increase-decrease (sprint2). Note the small number of false 
positives detected by the CDA in all conditions. The asterisk (right most three conditions) 
denotes the smartphone measurements. 
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Figure. 2.7. Cadence feedback scores. Boxplot of results regarding the cadence feedback 
on the complete circuits, including the different gaits, activities and transitions, 
respectively for the Sylvester’s criterion (SC) (a), the Cross-correlation (b), Unbiased 
autocorrelation (c) and the Biased autocorrelation (d) based procedures. For this 
comparison, the durations of either strides (a) or steps (b-d) found by each procedure was 
5th order median filtered and interpolated to a 3Hz grid to allow instantaneous 
comparisons on the percentage agreement. See Material and procedures for details. Note 
the high percentage agreement (>97 %) as well as the very small ranges between 
participants and sensor positions for the SC (a) compared to the other algorithms. 
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Discussion 

Correlation procedures are commonly used to determine the fundamental movement 

frequency from acceleration patterns. Conventional correlation procedures, depend on 

sensor position and orientation and are prone to false negatives or positives. The CDA 

described in this paper is robust to variation in sensor placement and the validation of the 

correlation peaks improved accuracy compared to conventional correlation procedures. 

More specifically, the CDA excelled especially in a low number of FP’s, which is imperative 

for an accurate estimation of cadence.  

Comparison between procedures for cadence feedback  

Whilst the CDA performance is completely independent from sensor placement, the cross-

correlation (Figure 2.7b) and the unbiased autocorrelation (Figure 2.7c) only provided 

reasonably well results for sensors placed at central positions, e.g. the waist or chest, 

although they also performed reasonable for the upper-arm, a commonly used developed 

with the limitations position for carrying smartphones. The biased autocorrelation (Figure 

2.7d) procedure was less accurate for all sensor positions. Depending on the sensor 

position, algorithms may predominantly be more sensitive to steps or strides. The 

underlying assumption is that either the step or stride frequency consistently dominates 

the correlation spectrum. Our results show that this assumption is not valid under many 

conditions as the conventional procedures seem to alternate between detection of steps 

and strides or wrongly detect other spurious correlation peaks. Overall, the conventional 

correlation procedures find more false positives and as our results show, even in positions 

where one would expect more consistent findings for detected strides (instep, heel). The 

new SC-based procedure showed high robustness between participants with differences in 

running style, sensor fixation and speeds and is therefore independent of sensor position. 

The procedure performed well across activities including short gait interruptions and a 

wide speed range and generated robust results across all sensor positions. This illustrates 

that it was not affected by sensor alignment, fixation or orientation. Note that, despite the 

deliberately introduced highly variable measurement conditions, the CDA did not require 

any calibration or parameter adjustments. Outside laboratory settings, users wear sensors 

as they prefer, which leads to a wide variety of possible sensor positions, orientations and 

fixations. Therefore, the high adaptability shown by the CDA is an important improvement. 
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Real-time processing and adaptability 

Only a few of the algorithms in the literature were designed for real-time detection of 

stride times 67,69,83 or have been tested using smartphone data 57,77. The correlation procedure 

was chosen as a basis for the CDA because of its known low computational load and because 

it does not rely on thresholds. The computational load is further minimized by estimating 

required buffer length, pre-terminating the process when possible and direct stride-to-

stride comparison with cross-correlation. The SC can in principle be applied to all 

correlation methods, but cross-correlation on strides is preferred to make the algorithm 

adapt quickly, prevent feedback latency and to improve accuracy.  

Ecological validity 

Most often, algorithms are not designed to deal with the challenges of everyday conditions, 

or they are not tested in a representative manner. Everyday conditions involve diverse 

short gait episodes, often with sudden transitions. In contrast, most published algorithms 

have been tested within constrained conditions. For example, during steady-state walking 

only, sometimes even while walking in sync with a metronome 69,77, or for a small number 

of steps only. While other algorithms require multiple sensors or a specific sensor 

orientation. An additional limitation of many studies is that algorithms are validated using 

averages over time-intervals 65. With the use of averages, FP’s and FN’s could cancel each 

other out. For example, Fortune et al. 65 did test their algorithm on jogging, reporting 97% 

(IQR: 6%) median agreement, but used average stride counts instead of instantaneous 

comparisons and only over circuits of 8.5m. In addition, their algorithm required input 

from three given sensors with a known orientation. Therefore, in the present study, the 

timing of reference strides with the algorithm was tested instantaneously. In addition, we 

used a wide speed range (1.5 to 5.7 m·s-1) and validated across a diversity of signals derived 

from 10 different sensor positions. To our knowledge, there has not been an algorithm that 

was tested this rigorously, while dealing with all challenges (orientation, position, gait-

activities) simultaneously. Noteworthy is that the smartphones, despite their weight and 

the possible negative influence of lower sample frequencies and jitter, did not differ in 

performance from the dedicated (small, light-weight) sensors. This further illustrates the 

high ecological validity of our study compared to the existing literature.  
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Limitations 

In this study, we compared the algorithm with correlation procedures, since the algorithm 

can be regarded as an extension to conventional correlation procedures. By plugging in 

these algorithms, we were able to make a direct comparison, since the same pre-

processing could be used. However, the performance of these procedures may be improved 

by other filters or window-lengths or additional thresholds. For example, the 

autocorrelation procedures can be improved by increasing window-length. With the 

disadvantage that this would delay the feedback, but also reduce accuracy of the 

immediate frequency estimate, since autocorrelation procedures provide an average over 

the selected window length. Especially during irregular or varying patterns such as during 

speed changes or pathological gait, longer window lengths would lead to errors. For the 

CDA, the effective window length does not need to be larger than one stride to provide 

accurate results. It remains to be investigated how it will compare to other algorithms in 

challenging situations. The CDA was developed with the limitations of smartphone 

processing in mind. Moreover, during the development we have implemented the 

algorithm successfully on the smartphones. However, the performance in terms of 

computational load has not yet been tested extensively and further optimisations might 

be required to decrease computational load. The CDA was not designed to detect specific 

spatiotemporal gait events, since a generic solution for specific event-detection that works 

across all sensor positions is most likely elusive. However, for specific applications, it could 

be interesting to expand the algorithm with the calculations of specific spatiotemporal 

events. The low number of FP’s will allows calculations of contact time 86,87, vertical 

oscillation 88 and arm swing 89.  

Population 

The algorithm was specifically designed for the use of walking and running during sport 

activities. For this reason, the algorithm was only tested with young participants. The large 

variation between sensor signals, as a consequence of variation in positions, fixations and 

gait types, may well outweigh any potential bias caused by the limited age-range of our 

participants. However, slow movements with low amplitude that may occur with aging 

could lead to a decrease in performance of the CDA. In general, we would expect diminished 

performance in situations with low signal-to-noise ratio and/or when stride-to-stride 
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variation is high. Therefore, for specific patient groups (e.g. Parkinson patients) the CDA 

may face additional challenges and performance in such specific situations remains to be 

investigated.  

Application and future research  

Pathological gait is often asymmetrical and sensors seldom are perfectly aligned centrally 

on the body. Under these conditions accurate detection of strides is a challenge. We expect 

that our CDA will also perform well under such circumstances. Technically, the CDA detects 

competed cycles. Therefore, we would expect the CDA to perform also well during other 

cyclic activities. This would make the algorithm suitable for multi-sport purposes. In 

future research, the performance of the CDA could be evaluated during other cyclic 

activities (e.g. swimming, cycling, rowing, skating) and for patient populations with 

irregular gait patterns. In addition, complimentary algorithms could be developed to add 

automatic activity recognition (e.g. walking, running or cycling), or to detect specific 

spatiotemporal events (e.g. initial foot contact or toe-off). 

Conclusion 

The proposed algorithm (CDA) proved to be consistently more accurate in detecting 

cadence compared to conventional correlation procedures, across gaits, participants and 

sensor positions. By validating completed cycles (strides) the CDA overcomes the 

limitation of sensor position accuracy of conventional correlation procedures. The CDA was 

designed to be suitable for real-time smartphone-processing and was challenged by 

including a diversity of gait-related activities to ensure its robustness in everyday 

conditions. These results encourage exploring the CDA in other cyclic sports like cycling, 

rowing, cross-country skiing, speed skating and other challenging situations such as 

analysis of patients’ gait. 
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Appendix A 

In the next section, the validation of correlation peaks using the Sylvester’s Criterion (SC) 

will be explained in more detail. Cross-correlation of sequential strides produces 

correlation peaks in the correlation spectrum at the overlap of one step or one stride. 

Depending on the sensor position (on a limb or on the trunk) either steps or strides may 

dominate the correlation spectrum. In addition, there may be additional spurious 

correlation peaks. When this happens inconsistently, the estimated frequency result will 

become unreliable. The SC is used to validate the peaks in the correlation spectrum to 

consistently denote only the peaks that correspond with strides, or more generally, cycles.  

In human gait, with the sensor perfectly aligned with the Earth and anatomical axes 

and centrally placed on the body, the dominant frequencies of the three axes of 

acceleration differ. The frequencies of the vertical and horizontal will be twice the 

frequency measured in the mediolateral axis. Consequently, when we have two sequential 

strides, the cross-correlation at one step overlap between axes will be negative for the 

mediolateral direction, while it will be positive in the vertical and horizontal direction 

(Figure 2.4 on the left). At one stride overlap, all the directions will provide positive 

correlations (Figure 2.4 on the right). When the sensor is not perfectly aligned with the 

Earth and anatomical axes the amplitude of the mediolateral signal is blended with the 

traces of the other two axes. Consequently, the negative correlation of the mediolateral 

axis at one step overlap may be unobserved, while the power of the correlation will be 

reduced. Therefore, it is better to verify that the correlation is positive for any direction, 

rather than isolating or combining accelerations from 3 sensor axes. This is done by using 

the correlations between all axes instead, thus the whole correlation matrix (Eq. 2.1), and 

verifying that this matrix is positive-definite, rather than only verifying that it has positive 

values on the diagonal. 
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The procedure starts with calculating the cross-correlation as: 

(2.1) 

X, = [A,] 	× 	[B,	] 

X, =	 Y
A!B! A"B! A#B!
A!B" A"B" A#B"
A!B# A"B! A#B#

Z 

Where A,	is a ix3 matrix of the last i samples of signal A and B,	is the ix3 matrix of the 
first i samples of signal B. X, is the cross-correlation matrix (with 3x3 correlation traces) 
with an overlap of length i. Then, correlations are summed: 

(2.2) X9GF,, = X,,(*,*) + X,,(%,%) + X,,(H,H)	 

From X9GF,,  the indices of the peaks (i34?I) are selected by finding the index where 

diff(X9GF,,) changes direction from positive to negative. The sum is here more preferable 

than the often-used root mean square, as it leaves the sign of the amplitudes as it is. At 

each peak index and adjacent samples, the Sylvester’s Criterion (Eq. 2.4-5) is tested. 

Adjacent samples are tested in a specific order i34?I+ [-1 +1 -2 +2]. 

(2.3) X,F =
1
3 B X,.-

*

-8$*

 

Where X,F  is the 3th-order averaged correlation matrix at index i. In this study, the 
selected indexes were 3th-order averaged (the signals’ frequency was forced to 50Hz in 
a previous step) for more robust results.  
 

The Sylvester’s Criterion is defined by Eq. 2.4 and 2.5. 

(2.4) M, = X,F + X,FT 

M, is calculated for the nine cross-correlation coefficients at the peak index by summing 

(X,F) with its transpose (X,FT). This operation results in a symmetrical matrix (M,).  

(2.5) SC, = det0M,,(*,*)1 > 0	&	 det0M,,(*,*),(*,%),(%,*),(%,%)1 > 0	&	det	(M,) > 0 

The SC verifies the 3x3 matrix _J  as positive-definite when the determinants of all 

square upper left corner sub-matrices of M are positive (Eq. 2.5). This indicates a 

positive correlation independent of sensor orientation.  

Suggested readings 

Weisstein, Eric W. "Positive Definite Matrix." From MathWorld--A Wolfram Web Resource. 

http://mathworld.wolfram.com/PositiveDefiniteMatrix.html 
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Validation of speed 

Adapted from 

de Ruiter, Cornelis J., BT van Oeveren, Agnieta Francke, Patrick Zijlstra, and Jaap H. van 

Dieen. 2016. “Running speed can be predicted from foot contact time during outdoor over 

ground running.” Plos One 11(9):e0163023. 
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Abstract 

The number of validation studies of commercially available foot pods that provide 

estimates of running speed is limited and these studies have been conducted under 

laboratory conditions. Moreover, internal data handling and algorithms used to derive 

speed from these pods are proprietary and thereby unclear. The present study investigates 

the use of foot contact time (CT) and stride frequency (SF) for running speed estimations, 

which potentially can be used in addition to the global positioning system (GPS) in 

situations where GPS performance is limited. CT and SF were measured with triaxial 

inertial sensors attached to the feet of 14 runners, during natural overground outdoor 

running, under optimised conditions for the global positioning system (GPS). The 

individual relationships between running speed, CT and SF were established during short 

runs on different speeds at two different days. These relations were subsequently used to 

predict instantaneous speed during a straight line 4 km run with a single turning point 

halfway. The speed predicted from GPS, CT and SF were compared with a stopwatch 

derived speed. Individual speed-CT relations were strong (r2 >0.96 for all trials) and 

consistent between days. During the 4km runs, median error (ranges) in predicted speed 

from SF, CT and GPS were respectively 6.0% (20.2), 2.5% (5.2) and 1.6% (0.8) (P<0.05 

between methods). However, around the turning point and during the first and last 125 m 

interval, error for GPS-speed increased to 5.0% (4.5) and became greater (P<0.05) than the 

error predicted from CT: 2.7% (4.4). CT, GPS and SF respectively explained 85%, 73% and 

44% of the small fluctuations in speed during the 4km runs. In conclusion, SF alone is 

insufficient to predict running speed. However, running speed prediction bases on 

individual speed-CT relations have acceptable accuracy and could be used to during 

outdoor overground running on flat terrain.  
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Introduction 

Speed is the primary performance parameter for running. In practice, training schedules 

are primarily based on running speed, often in combination with heart rate. Running speed 

is not only of interest for professional and amateur sportsmen, but also for millions of 

recreational runners all over the world. The global position system (GPS) is often used for 

monitoring outdoor running speed. GPS indeed provides fairly accurate speed estimates, 

especially for running in straight lines. However, speed accuracy declines when sharp turns 

or bends are made 90, or rapid changes in speed occur 91. Moreover, GPS signals are 

sometimes poorly received, for instance when buildings block the signals and obviously 

GPS cannot be used indoors. 

As an alternative, small inertial sensors can be used to provide runners with estimates 

of their running speed. Such speed estimations can also serve as backup whenever GPS 

reception is poor or absent (indoors). Some of the commercially available devices have 

been validated and seem to provide reasonably accurate measures of running speed, at 

least under laboratory conditions 92,93. The personalised calibration of commercial devices 

recommended by manufactures before first-time use is commonly done with short bouts 

ran outdoors. However, the number of published validation studies is limited. Importantly, 

the protocols and algorithms used to derive running speed from the inertial sensors in 

these commercial devices are proprietary. Consequently, it is unclear how running speed 

is estimated. Direct integration of these sensors’ acceleration signals to obtain measures of 

running speed is not yet accurate enough 94. It has been shown that SF increases with speed 

in a near-linear way 86,95,96 and acceptable relations between SF obtained with inertial 

sensors worn on the chest and speed have been found while running 50m stretches 97. In 

laboratory settings where speed was fixated using a treadmill, ground contact time (CT) 

especially related strongly with speed 98,99 even across species.100 Therefore, SF, but CT in 

particular, seem promising variables from which speed estimates can be derived. However, 

outdoor conditions (wind etc.) could decrease the strength of the relationships between 

speed and SF or CT compared to those obtained in the laboratory. The relations between 

speed, CT and SF described in the literature are limited to laboratory settings, where speed 

is usually imposed during short-lasting running bouts 86,92,93,96. Moreover, data on the 

reproducibility of the relations between speed and CT, even under laboratory conditions, 
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are lacking. Therefore, the first goal of the present study was to establish these 

relationships at different days while running short stretches (125 m), outdoors on tarmac 

at various, but constant speeds.  

Runners are often interested in receiving accurate feedback on small speed 

fluctuations, and many strive to maintain a constant speed during endurance runs. 

Therefore, the second goal of this study was to investigate how accurate speed and 

especially the small speed fluctuations can be predicted from previous established 

relationships speed-SF and speed-CT. To this end, participants ran 4 km on two days, 

during which average speed for every 125 m interval was calculated from stopwatch timing. 

The speed derived from stopwatch timing was used as a reference and compared with GPS-

based speed and speed estimates predicted from the individual speed-CT and the speed-

SF relationships. GPS performance is expected to decrease especially around turning points 

and during accelerations. Therefore, the conditions were chosen to favour the GPS 

reception, but the comparison specifically focused on accuracy around the start, finish and 

turning point.  

Methods 

Participants 

Fourteen healthy subjects (8 men, 6 women) participated in this study (Table 3.1). We 

included participants who were recreationally active (2-15 hours per week) in various 

sports. Most were not specifically endurance trained and two did not perform any run 

training at all (no. 4, 9). Two participants (no. 2 and 5) were well trained and ran about 50 

km weekly.  This contributed to considerable differences in running performance (4 km 

speed) among participants (Table 3.2).  Prior to participation, experimental procedures, 

risks and aims of the study were explained and all subjects provided written informed 

consent. The study was conducted according to the principles of the Declaration of Helsinki 

and was approved (approval number: 2014-35, April 15th) by the ethics committee of the 

Department of Human Movement Sciences, Vrije Universiteit, Amsterdam, the 

Netherlands. Participants were recruited during the last two weeks of April 2014.   
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Data collection 

To assess consistency of speed predictions, each participant was tested on two separate 

days within a fourteen-day period, but with at least 72 hours in between measurements. 

The local weather conditions (Table 3.1) during each run were retrieved from the website 

of the Dutch meteorological institute (www.knmi.nl/index_en.html). Participants 

refrained from vigorous physical activity and avoided alcohol and caffeine in the 24 hours 

before test days, and wore the same sport shoes on both occasions. We aimed to obtain the 

best possible estimates for speed from the GPS device. To this end, runs were made on a 

flat and straight 2 km tarmac lane along the border of the Amsterdam 2014 World 

Championships rowing venue (East to West orientation). Paint marks were applied on the 

tarmac every 125 m. During all runs, two researchers accompanied the runner on a bike, 

and one of them timed every 125 m ‘lap’ with a stopwatch, from which average speed per 

125 m interval was calculated (stopwatch-speed). The experimental protocol on both days 

was the same. Participants wore a Garmin Forerunner 620 sports watch with GPS function, 

and with a heart rate chest strap carried around the chest. Two customised small wireless 

inertial sensors (MPU-9150, MEMS Motion TrackingTM Device, InvenSense, San Jose, USA) 

with tri-axial accelerometers and gyroscopes, were firmly attached to the shoelaces with 

small rubber bands on the instep of both shoes. Data (500 Hz sampling rate) were stored 

on an internal SD-card for off-line analysis to determine SF and CT using the foot sensors. 

Participants started with a 10 min warm-up consisting of a short 5 min run at a self-chosen 

pace and some stretching exercises. After that, the first set of measurements (calibration 

runs) took place. These calibration runs consisted of six consecutive 125 m intervals run at 

different speeds in one direction, followed by 1-minute rest and the same six 125 m 

intervals run in the opposite direction. The participants were instructed to run each 125 m 

interval at a constant speed, representing respectively 40, 50, 20, 80, 50 and again 40% of 

their self-estimated maximum running intensity. This was done to guarantee that a 

sufficiently broad speed range would be covered for construction of the individual running 

speed-ground contact relations. They had to change to the next speed at each 125 m mark 

in a few strides. After these calibration runs, there was 5 min rest before the participants 

ran 4 km from a stop with a single 180-degree turning point at 2 km and ending exactly in 
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a stop at 4km. They completed the 4km at a self-selected speed but were not allowed to 

walk at any time. 

Data processing 

The foot strike and toe-off events, which give distinct peaks in the signals of the MEMS 

devices 86,99 of each foot were automatically detected for every stride with customised 

software written in Matlab (R2011a, Mathworks, Natick, USA). CT was defined as the time 

interval between initial ground contact and toe-off. SF (Hz) was calculated as 60sec 

divided by the time between subsequent foot strikes of the same foot. To correct for 

sporadic outliers, the CT and SF time series of both feet were filtered with a third-order 

median filter to correct for occasional outliers. The mean values of both feet are used for 

the analysis. 

For the calibration runs, stopwatch timing was used to calculate mean running speed for 

every 125 m- interval. This procedure resulted in CT and SF values at twelve speeds for 

Table 3.1. Participant characteristics and weather conditions 

Participant Age 
(year)  

Height 
(m) 

Weight 
(kg) 

BMI 
(kg·cm-

2) 

Leg 
length 

(m) 

Sex Day1 Day2 
Wind 
(m·s-

1) 

T 
(o C) 

Wind 
(m·s-1) 

T 
(oC) 

1 24 1.74 65 21.5 1.18 w w-10 9 se-4 10 
2 28 1.80 67 20.7 1.24 m sw-8 12 ne-6 14 
3 22 1.66 59 21.4 1.14 w ne-6 15 sw-2 14 
4 23 1.91 85 23.3 1.32 m sw-

10 
13 w-7 12 

5 26 2.00 73 18.3 1.32 m sw-9 17 n-4 13 
6 51 1.84 85 25.1 1.28 m sw-8 15 n-6 13 
7 24 1.80 77 23.8 1.24 w n-6 8 sw-9 14 
8 23 1.91 78 21.4 1.33 m se-4 10 s-2 17 
9 23 1.80 70 21.6 1.28 w e-5 23 s-9 19 

10 26 1.83 70 20.9 1.27 m w-3 15 sw-8 15 
11 24 1.89 85 23.8 1.32 m w-10 9 n-6 8 
12 25 1.68 56 19.8 1.15 w w-6 11 s-8 25 
13 17 1.69 63 22.1 1.18 w sw-1 11 sw-5 15 
14 22 1.86 70 20.2 1.27 m s-5 17 n-5 13 

mean 25 1.82 71 21.7 1.25 
 

6.5 13.2 5.6 14.4 
std 7 .09 9.1 1.7 0.07 

 
2.8 4.1 2.5 4.1 

Age; height; weight; Body Mass Index (BMI); leg length; sex (male, female); wind direction (east, 
west, south, north); followed by wind speed and temperature on both days. 
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each participant. For each day, these twelve data points were fitted (least squares) with a 

linear function (y = ax + b) for SF and with a power function (y = cxd) for CT. The individual 

relations were subsequently used to predict instantaneous running speed from CT and SF 

recorded for every stride during the 4 km runs.  

GPS position data (1 Hz) was differentiated to obtain instantaneous running speed 

based on GPS (GPS-speed). Subsequently, mean speed values for each of the speed 

estimates (CT-speed, SF-speed and GPS-speed) were calculated for all (thirty-two) 125 m 

intervals of the 4km runs. In this manner, we could compare 125 m-interval-speed 

estimates based on CT, SF and GPS to the reference speed obtained with stopwatch timing 

(stopwatch-speed) for every 125 m. From each speed estimate (CT-speed, SF-speed and 

GPS-speed) the root of squared differences with the reference stopwatch-speed was 

calculated and expressed as a percentage of stopwatch-speed. These thirty-two values 

were averaged to obtain one error value for each method of speed determination for each 

participant, and the group means were subsequently determined. 

As indicated before, we were not only interested in the average errors of our speed 

estimates. It is also highly relevant for a runner to know how well short-term speed 

fluctuations during an endurance run are predicted. To this end, we applied a linear 

regression between the speed estimates and stopwatch speed for each participant on the 

mean values of all thirty-two 125 m intervals. The variance explained (r2) by both speed 

estimates was calculated for each runner. Of these individual r2-values the group means 

were subsequently determined. 

Statistical Analysis 

Data are presented as individual results, as means and standard deviation or as median 

values with range. The statistical analysis was done using the Statistical Package for Social 

Sciences (SPSS version 21.0; IBM, Armonk, New York, USA). The between days coefficient 

of variation (CV) was defined as (s•mean-1)•100%. Since the variance of the predicted speed 

was unequal between the three methods, these data were first log-transformed. Student’s 

t-test was used (P<0.05 was significant) for pairwise comparisons. The anti-log values of 

the latter and their 95% confidence intervals (CI) were calculated, which provides the 

ratios of the average errors between the methods of speed estimation. Effect sizes (partial 

η2) are also reported.  
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Results 

Calibration runs 

There were strong (negative) linear relations (n=14) between running speed and CT for all 

participants on both days, with r2>0.96 for all twenty-eight calibration runs and a mean of 

0.98 ± 0.01. The coefficients of variation for the c and d coefficients respectively were 4.0 ± 

3.6% and 5.3 ± 5.0%. Noteworthy is, that the individual relationships between CT and 

running speed were very similar between days, in spite of the differences in weather 

conditions between days (Table 3.1). The consistency of the individual relations is also 

depicted in Figure 3.1, where for each participant the data of both days are combined into 

a single relation (r2>0.95 for all participants). In Figure 3.1 log-transformed contact times 

for the runs are plotted as a function of the log-transformed Froude numbers (speed2 • 9.81-

1 • leg length-1), to normalize speed for differences in leg length. These results show that 

even following this normalization there remained clear differences between participants 

in the speed-CT relationship. 

There were also reasonable (p<0.05) positive linear relations between running 

speed and SF on both days. However, there was quite some variation among participants 

and for one participant (no.12) no relation (r<0.3) was found on either day. The r2-values 

(mean ± s) for the other thirteen participants on both days were 0.83 ± 0.14 and 0.84 ± 0.16 

respectively.  

 

Figure 3.1. Logarithm of contact time 
as a function of the log-transformed 
Froude numbers (speed2 • 9.81-1 • leg 
length-1) of all 14 participants. For all 
participants the linear trendlines, for 
the data points of both days 
combined, are shown (all with 
r2>0.95). For clarity the actual data 
points (2x12, open and closed 
symbols for day 1 and 2 respectively) 
are only depicted for participant 2 
(squares:  y=-0.34x-0.62, r2=0.98) and 
11 (circles: y=-0.28x-0.51, r2=0.98). 
The regression line of participant no.3 
has been dashed. 
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4 km runs 

Mean running speed ranged from 2.1 m•s-1 to 4.8 m•s-1 among participants (Table 3.2). 

There were no significant differences between days for any of the predicted speeds 

(P>0.05). Therefore, the mean values of both days for each participant were analysed. 

Median errors in predicted 125 m-interval-speed for GPS, CT and SF (n=13) respectively 

were 1.6%, 2.5% and 6.0% (Table 3.2). Median error (%) for SF-speed was 3.8 times the 

error of GPS-speed (P<0.05, η2=0.87, CI: 2.8-5.3). The median error in CT-speed was 1.5 

times the error in GPS-speed (P<0.05, η2=0.44, CI: 1.1-2.0).  

 Table 3.2 Error of different methods for running speed determination during two 4 km 
runs. 

 
Speed (m·s-1)  Error (%) compared to stopwatch-speed  
Stopwatch  CT  GPS  SF 

Run no. 1 2  1 2  1 2  1 2 
Participant            

1 3.2 3.3  1.9 1.4  1.2 1.9  4.9 2.8 
2 4.5 4.6  3.9 2.9  1.6 2.3  6.9 5.1 
3 2.7 2.5  1.0 0.8  1.5 1.8  4.3 9.6 
4 3.3 2.8  2.6 4.8  2.2 1.8  6.7 12.2 
5 4.8 4.7  5.4 6.7  2.2 1.4  25.5 20.8 
6 3.5 3.7  2.2 2.4  1.9 1.4  14.0 7.7 
7 2.5 2.1  1.4 1.5  1.6 1.4  2.3 3.6 
8 4.0 4.1  1.6 1.7  1.7 1.3  2.3 3.6 
9 2.6 2.5  3.3 1.3  2.0 1.4  2.9 8.5 

10 4.2 4.1  3.1 1.6  1.9 1.8  9.4 13.2 
11 3.4 3.4  4.4 2.8  1.3 1.1  5.1 4.5 
12 3.1 3.0  4.2 1.2  1.2 1.6  n.p. n.p. 
13 3.5 3.3  3.7 3.1  1.6 1.3  2.5 4.2 
14 3.3 3.8  1.6 3.3  1.0 2.6  9.5 4.7 

median 3.4 3.4  2.9 2.1  1.6 1.5  5.1 5.1 
range 2.3 2.6  4.4 5.9  1.2 1.5  23.2 18 

median 3.4  2.5  1.6* 
 

6.0* 
range 2.5  5.2  0.8 

 
20.2 

Running speed (two runs), predicted from contact time (CT), GPS and stride frequency (SF) 
are compared to speed determined with stopwatch timing as reference. Mean 4 km 
speed for both runs is shown in columns 2 and 3. From each individual, the root of 
squared differences averaged over the thirty-two 125 m intervals of each 4 km run is 
shown in columns 4-9. Note that for participant no.12 prediction of speed from SF was 
not possible (n.p.) since this participant did not have a significant relation between speed 
and SF during the calibration runs. * denotes different (p<0.05) from the two other speed 
measures. 
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In the majority of runs, GPS-speed during the first, last and the middle two 125 m-

intervals (around the turning point at 2 km), deviated more from stopwatch-speed than 

CT-speed (see Figure 3.2 for example). When only these four intervals were included in 

the statistical analysis, median error for GPS-speed increased 3.0 times, from 1.6% with all 

intervals included (Table 3.2) to 5.0% with a range of 4.5% (p<0.05, η2=0.97, CI: 2.7-3.4). 

For CT, median error in predicted speed with only the first, last and the middle two 125 m-

intervals included was 2.7% with a range of 4.4%, which was 0.5 times that of the GPS 

prediction (p<0.05, η2=0.62, CI: 1.4-2.8). 

Figure 3.2a shows that the short-term speed fluctuations predicted by CT were very 

similar to speed derived from GPS. Similarly, the CT and GPS speed values averaged per 125 

m-interval (Figure 3.2b) were in good agreement. Figure 3.2b further shows that for a 

large part of the run, speed predicted from SF did not accurately represent momentaneous 

speed. These indications are corroborated by the explained variances of the different 

predictions. CT (median r2=0.85, range 0.43), GPS (median r2=0.73, range 0.56) and SF 

(median r2=0.44, range 0.68, n=13) respectively explained 85%, 73% and 44% of running 

speed variance. 
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Figure 3.2 Running speed 
(participant 4, run 1) predicted 
with GPS (grey) and contact 
time (CT, black). A) As a 
function of the distance ran, 
resampled to 1Hz. B) Speed 
averages over the 125 m 
intervals (bottom) based on 
the reference stopwatch time 
(open circles), GPS (thick grey 
line), CT (black line), SF (dashed 
line). 
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Discussion 

The calibration runs indicated that CT was stronger related to speed than SF. Comparable 

to the results for other species 100, a power function (y=c•CTd) provided the best fit for our 

speed-CT data (r2=0.98). The average c- (0.59) and d-coefficients (-0.63) are in good 

agreement with the respective values of 0.64 and -0.65 reported for men running on a 

treadmill which also had a similar coefficient of determination: r2=0.99 100. Thus, the 

present study demonstrates that the previously reported relations in the laboratory hold 

during free outdoor running. Our data (Figure 3.1) indicate that even following 

normalisation of speed to leg length, there remained consistent differences in the CT-

speed relations among our runners. One obvious factor contributing to such differences 

would be differences in foot strike patterns. Longer CTs accompanied by heel striking than 

a mid-foot strike running technique, e.g. 101. We indeed observed that participant no. 11, 

running with long CTs, was a heel striker displaying a double burst of peaks in the sensor 

signals during landing. In contrast, participant no. 2, with short CTs (Figure 3.1), was a 

mid/front- foot striker who consistently displayed a single burst of peaks during landing. 

Moreover, participant no. 3 (Figure 3.1, dashed line), had double activity bursts in her 

signals at slower speeds and single bursts at faster speeds. The change in burst pattern 

could indicate a shift from heel to mid-foot landing with an increase in speed, given that 

the percentage of midfoot strikers increases as running speed increases 102.  

The individual differences found in the contact time and running speed relation 

between runners in a rather heterogeneous group is not surprising, since even within a 

relatively homogeneous group of elite runners, different relationships between contact 

time and running speed on a treadmill were found for middle and long-distance runners 
86. The relatively short CTs of our two most experienced runners (participants 2 and 5) is 

potentially coupled to a relative good running economy as found by others 95,103,104, but this 

is speculative.  

Similar to studies on treadmill running 86,96,100, we found SF to increase with running 

speed. Increases in SF were limited, probably because of the submaximal speed range under 

investigation are mainly brought about by increases in stride length 96. Nevertheless, we 

did find positive linear relations for all, except one (no.12), participants. The consequence 

was that for this participant running speed during the 4 km run could not be predicted 
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from SF. As was expected, the speed-SF relations were affected by wind. For example, the 

coefficient of determination of the speed-SF for participant no. 1 on day 1 (wind speed 10 

m·s-1) was 0.74. However, for the six head- and tailwind intervals separately, the respective 

coefficients increased to 0.90 and 0.95. While running at similar speeds, SF was about 2 

strides/min higher in the head- compared to the tailwind intervals. In contrast, the speed-

CT relation of this participant was not affected by head- or tailwinds, the coefficient of 

determination was 1.0 for the 12 intervals combined and 0.99 for the six head and tailwind 

intervals separately. Similar outcomes were found for the other participants running with 

strong winds. Given the variation in the SF-speed relationships between days, it seems 

that SF is more dependent of conditions, whereas CT is not.  

4 km runs 

The present results indicate that running speed estimates based on personalized speed-CT 

relations have acceptable accuracy during natural outdoor over ground running on flat 

terrain. Both GPS-speed and CT-speed had acceptable accuracy. It is not surprising that 

errors in GPS-speed were low, given that the present conditions, open terrain straight 

course, were optimized for GPS performance. On average GPS speed was even more 

accurate than CT derived speed. However, in the beginning, end and around the turning 

point CT predictions were more accurate. Accordingly, the accuracy of GPS has been shown 

to decrease during acceleration and deceleration 90 or directional changes 91. Moreover, we 

optimized conditions for GPS performance in the present study and GPS may perform worse 

in more challenging situations. Therefore, speed estimates based on CT using a foot pod 

may serve as a reliable back up or substitute in conditions where GPS performance is less 

optimal (high buildings and/or many turns and bends) or even impossible (indoors). 

Stopwatch derived speed was used as a reference. The use of a cyclist to time the 

runner at each 125 m interval may have introduced some error. Mean running speed was 

3.4 m•s-1, which results in an average time of 36.7s per 125 m. Consequently, in the most 

negative realistic scenario, when stopwatch would be pressed 0.5 s too early at the 

beginning as well as 0.5 s too late at the end of a 125 m interval, this would result in a 

maximal error of 2.7% (0.09 m•s-1) in stopwatch-speed. Mean error in stopwatch-speed 

probably was lower than this. Moreover, SF-speed, GPS-speed and CT-speed still can be 

compared, since stopwatch-speed served as a reference for all three.  
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Practical implications 

The present study shows that speed can be predicted from CT with acceptable 

accuracy. Even the relatively short-term speed fluctuations during runs of longer duration 

can be accurately predicted from CT. Because the relationships between CT and speed differ 

among participants, one careful individual calibration is necessary before speed can be 

predicted from CT. Since the speed-CT relations are virtually linear, for practical reasons 

several short runs (e.g. 200 m) at different speeds would suffice. The present results show 

excellent reproducibility of the CT-speed relations under vary different weather 

conditions. SF seemed more dependent of weather (wind) conditions compared to CT. Note 

that SF is a transformation of step time (SF = 2·(60/step time)). Where step time is the 

sum of contact time and flight time (step time = CT + FT). Therefore, it seems that runners 

mostly change their flight time in a response to head or tail wind. The reproducibility of 

the speed-CT relations following changes over time, fatigue or under different surface 

conditions remain to be investigated. Nevertheless, our unpublished observations in some 

recreational runners indicate that over one year, the CT-speed relation remained stable 

and recalibration was not necessary. We found an increase in the error of GPS-speed 

around the turning point. Thus, CT derived speed can serve as reliable backup whenever 

GPS receive is inadequate. GPS inaccuracies can be expected when there are many turns 

and bends in a course, or when running between high buildings. 

Conclusion 

Similar to laboratory conditions, there are strong individual relations between running 

speed and CT during outdoor overground running on flat terrain. The speed-CT relations 

were highly reproducible within individuals despite varying weather conditions. During 4 

km runs, speed estimates based on CT and GPS were found to be comparable and more 

accurate than estimates based on SF. These results indicate that speed estimated from CT 

measured with inertial sensors on the feet, can predict speed fluctuations quite accurately 

and may be used in addition to GPS, when GPS function is compromised or not possible.  
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Energetic optimum based on heart rate 

Adapted from 

Van Oeveren, B. T., De Ruiter, C. J., Beek, P. J. & Van Dieën, J. H. Optimal stride frequencies 

in running at different speeds. PLoS One 12, 1–12 (2017). 
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Abstract  

During running at a constant speed, the optimal stride frequency (SF) can be derived from 

the u-shaped relationship between SF and heart rate (HR). Changing SF towards the 

optimum of this relationship is beneficial for energy expenditure and may positively 

change biomechanics of running. In the current study, the effects of speed on the optimal 

SF and the nature of the u-shaped relation were empirically tested using Generalized 

Estimating Equations. To this end, HR was recorded from twelve healthy (4 males, 8 

females) inexperienced runners, who completed runs at three speeds. The three speeds 

were 90%, 100% and 110% of self-selected speed. A self-selected SF (SFself) was determined 

for each of the speeds prior to the speed series. The speed series started with a free-chosen 

SF condition, followed by five imposed SF conditions (SFself, 70, 80, 90, 100 strides·min-1) 

assigned in random order. The conditions lasted 3 minutes with 2.5 minutes of walking in 

between. SFself increased significantly (p<0.05) with speed with averages of 77, 79, 80 

strides·min-1 at 2.4, 2.6, 2.9 m·s-1, respectively). As expected, the relation between SF and 

HR could be described by a parabolic curve for all speeds. Speed did not significantly affect 

the curvature, nor did affect optimal SF. We conclude that over the speed range tested, 

inexperienced runners may not need to adapt their SF to running speed. However, since 

SFself were lower than the SFopt of 83 strides·min-1, the runners could reduce HR by increasing 

their SFself. 
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Introduction 

Running speed is the product of stride frequency (SF) and stride length (SL), and both are 

shown to increase when runners increase their speed. SF, expressed in strides per minute 

(strides·min-1), describes the duration of a complete stride cycle (left and right step). SF 

consequently relates to many biomechanical aspects of running 40,41,43,45,49,105,108–116. Hence, SF 

has received considerable attention from both scientific and practical perspective. 

Although many sports-watches provide instantaneous SFs, they not yet provide feedback 

about the SF at which energy cost for the individual runner is minimized: SFopt, the optimal 

SF at a given speed. In practice, as a rule of thumb and independent of running speed, 

runners are often advised to run at 90 strides·min-1 117. This recommendation is based on 

the observation that, for all running distances, elite runners seem to use a SF of at least 90 

strides·min-1. However, it is doubtful that this SF is optimal for every runner at every speed, 

as 90 strides·min-1 is substantially higher than most self-selected stride frequencies (SFself) 

and even higher than SFopt reported in literature 40,118. Cavanagh et al 119 suggested that only 

(individual) physiological evidence of a discrepancy between preferred and SFopt should be 

used to advise changes in SF. 

To calculate SFopt, previous studies typically imposed SF or SL and recorded oxygen 

consumption while participants ran at a constant submaximal speed 40,47,48,50–52. The relation 

between SF and oxygen consumption was fitted per individual using a second order 

polynomial, resulting in a u-shaped relation, where the SF with minimal oxygen 

consumption was considered to be optimal 47,49–52. These studies showed that experienced 

runners tend to run with SFs close to their SFopt 47,52,74, while inexperienced runners appear 

to run with SFs below their SFopt 47. As an alternative to measuring oxygen consumption, 

De Ruiter et al 47 showed that heart rate (HR) can also be used to determine the SFopt.  

Several biomechanical mechanisms may explain the reduction of energy cost that 

occurred when individual runners slightly increased their SFs. For example, higher SFs are 

associated with reduced vertical oscillations 41,49,105, shorter ground contact 49,105, increased 

leg stiffness 49 and reduced horizontal breaking forces 40,113,114, which are all factors suggested 

to be important for economical running 113,116. In addition, increasing SF changes the kinetics 

in the gait cycle change in ways that have been suggested to reduce injury risk 43,111,112,114. For 

example, higher SFs reduce anterior foot placement 40,41, impact forces 45, vertical 
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accelerations 40,109,115 108, knee extension moments at initial contact 110 and negative energy 

at the hip and knee 41,115. Among runners injury prevalence rates as high as 79.3% have been 

reported 6 and changing running technique may be effective to reduce the injury risk. 

Inexperienced runners may be particularly susceptible to injuries because of their lower 

tolerance to impact forces 31,120.  

HR, speed and SF are measured by many commercially available sports devices, 

which would in principle allow runners to determine their own SFopt. Reviewing results 

from previous studies revealed that both SFself and SL increase when individual runners 

increase their speed 40,42,43,45,47,49–51,96,121–124. Therefore, it can be expected that SFopt also 

increases with speed (Figure 4.1c-d). To attain higher speeds, energy cost per unit of time 

will increase. HR consequently approaches its physiological maximum and the parabolic 

relation between SF and HR may flatten (Figure 4.1a-b). A relatively steep parabola with 

a profound optimum may than be apparent at low speeds. At higher speeds, the curve is 

expected to flatten, which would make the estimation of SFopt less robust. However, we 

hypothesize that for normal training intensities this flattening is of no significance, since 

for healthy individuals, heart rate increases linearly with exercise load and only plateaus 

just before maximal oxygen consumption is reached 125. The effect of speed on SFopt may 

seem obvious. However, to our knowledge, the effect of speed on the calculation of SFopt 

has never been tested systematically. Understanding the effect of speed on the SF-HR 

relation is required to develop a method to provide runners with feedback on their SFopt 

during training.  

The aim of this study is to understand the practical consequence of changing speed 

on the relation between SF and HR in running. To this end, we use a group-based analysis. 

We hypothesize that within a speed range that is representative and attainable for 

inexperienced runners: 1) a speed-specific parabolic relation exists between SF and HR; 2) 

SFopt increases with speed; 3) the parabolic SF–HR relation does not flatten at higher speeds; 

4) inexperienced runners select SFs below the determined optimum. 
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Figure 4.1. Hypothetical models to evaluate the effect of speed on the 
relation between stride frequency and heart rate. The lines represent the 
three increasing speed conditions, with the dashed line for V90%, the dashed-
dot line for V100% and the solid line for (V110%). 

Methods 

Four models were tested to evaluate the effect of speed on the calculation of SFopt (see 

Figure 4.1). SFopt was defined as the SF where HR (response variable) was minimal 

according to the model. The models are described with the following equations:  

Model 1: HR = b/ +	b* ∙ SF +	b% ∙ SF% + bH ∙ V	 

Model 2: HR = b/ +	b* ∙ SF +	b% ∙ SF% + bH ∙ V	 + bK ∙ SF ∙ V  

Model 3: HR = b/ +	b* ∙ SF +	b% ∙ SF% + bH ∙ V	 + b1 ∙ SF% ∙ V  

Model 4: HR = b/ +	b* ∙ SF +	b% ∙ SF% + bH ∙ V	 + bK ∙ SF ∙ V +	b1 ∙ SF% ∙ V  

Model 1 assumes a parabolic relationship (b1, b2) with a speed-dependent offset (b3). Model 

2 assumes that SF and consequently SFopt increases linearly with speed (b4). Model 3 

assumes that speed changes the parabolic relation between SF and HR (b5). More 

specifically, it reflects a flattening of the curve at higher speeds. Model 4 assumes both a 

linear speed dependency of SF as described by Model 2 (b4) and a flattening of the curve as 
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described by Model 3 (b5). The model regression coefficients were tested for significance 

in order to establish their contribution to the fit. Models with significance on all predictors 

are potentially valid.  

Participants 

Twelve healthy (4 males, 8 females) inexperienced runners participated (23.3 ± 3.4 yrs, 175 

± 1.1 cm, 69.6 ± 13.0 kg) in the present study, after given written informed consent approved 

by the Institutional Review Board at the Vrije Universiteit Amsterdam. The study was 

approved by the local ethics committee in accordance with the guidelines set out in the 

Helsinki Declaration regarding human research. 

Participants ran no more than once a week and participated at least once a week in 

sports activities that did not involve running (4.8 ± 2.6 training hours per week). 

Inexperienced runners were chosen for this study since they were expected to benefit most 

from altering their SF. 47 

Instrumentation 

Participants ran on a treadmill (N-Mill, ForceLink, Culemborg, Nederland). Strides were 

detected using a custom written MATLAB program analysing the tri-axial acceleration data 

from sensors (MPU-9150, +/- 16.0 g, 500 Hz, 35 x 25 x 11 mm, Invensense, San Jose, USA) 

placed on the heels of the participants. HR was measured using a HR monitor (Suunto t6d®, 

Vantaa, Finland). To synchronize the SF-data with the HR-data, participants jumped 

causing a peak in the acceleration signal, while simultaneously starting the HR-monitor.  

Protocol 

All measurements took place on the same day. Prior to testing, self-selected running speed 

(V100%) was determined as follows. The participants ran for 5 minutes at a speed of 2.22 m·s-

1 (8 km·h-1). Subsequently, every 20 s speed was increased by 0.14 m·s-1 (0.5 km·h-1). 

Participants were asked to indicate when they reached a speed that they felt able to sustain 

for 10 minutes with moderate to strong effort ratings on the RPE-scale. The protocol 

consisted of three separate speed series in fixed order: (i) Starting with the self-selected 

speed (V100%), followed by (ii) 90% of self-selected speed (V90%) and finally, (iii) 110% of 

self-selected speed (V110%). This was done to minimize the risk of participants not being 

able to complete the protocol due to the expected fatigue expected at V110%.  
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Within each speed series, the participants ran first for 3 minutes without instructions 

to get familiarized with running on the treadmill and to determine the SFself. Where SFself 

was calculated as the mean SF over the last minute of familiarisation trail. After the 3 

minutes familiarisation, participants had 5 minutes of rest followed by six blocks of 3 

minutes. The first block was intended as warming-up without an imposed SF. The 

consecutive blocks were conditions with imposed SFs (i.e. 70, 80, 90, 100 strides·min-1 and 

SFself) administered in randomised order (without replacement) for each participant. Thus, 

the order of SF conditions differed among participants, but the SF condition order at each 

of the three speeds was kept consistent for each participant.  

Each block was followed by 2.5 minutes of walking at 1.11 m·s-1 (4 km·h-1). Participants 

rested for 15 minutes after each of the speed series. SF was imposed by lines projected on 

the treadmill perpendicular to the running direction (visually similar to a zebra crossing) 

using a projector. The lines were projected across the full width of the treadmill and from 

2 m in front of the participants to 1 m behind the centre of the treadmill and approached 

the runner with the speed of the treadmill. Participants could choose to either step on or 

step between the projected lines as long as they were consistent.  

Data analysis 

Data were synchronized and pre-processed using Matlab 2015®. For every 3-minute block, 

the median SF and median HR were calculated over the last minute. Generalized Estimating 

Equation (GEE) modelling was used to evaluate the four models. The dependency of the 

variables speed, SF, and HR is expected to differ between individuals 52. By choosing an 

exchangeable correlation structure, GEE offers the possibility to assume that all 

observations within the same individual are equally correlated. GEE is a group-based 

approach that can take the dependency of observations within individuals over conditions 

into account. The GEE does not assume normally distributed data. The GEE was performed 

using SPSS 22.0. In order to measure how well the participants were able to run at the 

imposed stride frequencies, a percentage error (SFerror) was calculated from the imposed 

versus the observed SF (Eq. 4.1).  

(4.1)  SFerror = (SFobserved -SFimposed) / SFimposed 
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Differences in SFself between speeds were tested using a Friedmans’s test with a 

significance level of 0.05. Post hoc analysis was done using Wilcoxon signed ranks test. 

The protocol was designed to reduce exercise load while simultaneously minimize the 

variation in HR between blocks when the SF-conditions were not present. Nevertheless, 

exercise load was relatively high and body temperature was expected to increase. 

Consequently, we did not expect that HR would completely level off during the last 

minutes of the exercise steps. To indicate the level of steady-state, the slope of HR during 

the last minutes of the exercise steps was calculated using a bi-square linear fit.  

Results 

Only in Model 1 were all parameters found to be significant (Table 4.1) and thus the relation 

was best described by Model 1. Model 1 indicated that the relation between SF and HR can 

be described by separate parabolic relations at all speeds. Model 2 predicted that SFopt 

would increase with speed, but the predictor did not appear to be significant (Model 2, b4: 

p = 0.090). Model 3 predicted a flattening of the curve at higher speeds, but also the quadric 

SF-term did not significantly interact with speed (Model 3, b5: p = 0.080). Finally, Model 

4, predicted both an increase of the optimum and a flattening of the curve with increasing 

speed, but also this model did not significantly improve the fit (Model 4, b3: p = 0. 077, b4: 

p = 0.056, b4: p = 0.053).  

Based on Model 1, the heart rate at SFopt can be expressed as: HR = 370.59 + -6.223·SF 

+ 0.0375·SF2 + 22.016·V. The SFopt is obtained as the minimum in the HR-SF relationship, 

calculated as the SF derivative of HR. Therefore, SFopt
 = 6.223 / (2*0.0375), which yields SFopt 

= 83 strides·min-1 for all speeds used in this study. Due to technical problems, data of one 

participant were missing at V100% and V110%, while for another participant the data at V90% 

were missing, resulting in eleven participants per speed condition and 69, 64, and 61 

observations, respectively.  

Median speed values (25 and 75 percentiles) for the three speed categories 

respectively were: 2.38 (2.38-2.56), 2.6 (2.5 - 2.9), and 2.9 (2.8-3.1) m·s-1, with SFself: 77 

(75.5- 78.5); 79 (76.5 – 81.0); 80 (77.5- 81.0) strides·min-1 and HR: 166 (155 - 178); 172 (165- 

176.); 177(167-180) beats·min-1. SFself differed significantly between speed conditions (X2(2) 

= 6.686, p = 0.035) and post-hoc analysis showed a significant difference only between 

V90% and V100% (Z = -2.354, p = 0.019). Note that at each speed, SFself was below the 
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optimum of 83 strides•min-1 predicted by Model 1 (Figure 4.2) by 6%, 5%, 2% for V90%, 

V100%, and V110 %, respectively. Only one participant ran at about 90 strides·min-1 at all 

speeds, which clearly was above the calculated optimum of 83 strides·min-1  

Participants did not always succeed in running at the imposed SFs (Figure 4.3). 

Deviations between the calculated SF and the imposed SF were similar between conditions 

2.5%±4% (mean±sd), with a tendency towards higher errors in the V90% and V110% conditions 

compared to the V100%-condition. Moreover, errors increased for more extreme SF-

conditions (e.g., 70 and 100 strides·min-1). 

 

  

Table 4.1. Significance of the model parameters 

 Model 1  Model 2  Model 3  Model 4 

 B SE P-value  B SE P-value  B SE P-value  B SE P-value 

b0 370.6
0 

51.845 p<0.01  272.62 53.810 p<0.01  324.86 42.839 p<0.01  1436.06 591.728 0.015 

b1 (SF) -6.22 1.181 p<0.01  -5.17 1.026 p<0.01  -6.51 1.242 p<0.01  -33.14 14.716 0.024 

b2 (SF2) 0.04 0.008 p<0.01  0.04 0.008 p<0.01  0.05 0.012 p<0.01  0.21 0.091 0.024 

b3 (V) 22.02 3.833 p<0.01  63.67 2.144 p<0.01  44.02 10.413 p<0.01  -379.98 214.795 0.077 

b4 (SF * V)   -  -0.50 0.298 0.090  -  -  10.16 5.315 0.056 

b5 (SF2 * V) -  -  -  -  -0.003 0.002 0.081  -0.06 0.033 0.053 

The parameter terms b0-5 are based on the following equation:  
HR = b! +	b" ∙ SF +	b# ∙ SF# + b$ ∙ V	 + b% ∙ SF ∙ V +	b& ∙ SF# ∙ V.  
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Figure 4.2. The relation 
between SF and HR for each 
speed series based on Model 
1. From bottom to top V90%, 
V100%, V110%. The central line in 
the boxplot represents the 
median, the edges of the box 
are the 25th and 75th 
percentiles, and the whiskers 
extend to ±1.5 of the 
interquartile range. The 
outliers (+) beyond this range 
belong to a single participant. 
An optimum of 83 strides·min-

1 was calculated using the 
parameters of Model 1. 

 

 

Figure 4.3. Average error 
scores calculated from the 
observed stride frequency (SF) 
relative to the imposed SF. The 
asterisk denotes the average 
self-selected SF. 
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Discussion 

The aim of this study was to examine the effect of speed on the relationship between SF 

and HR within an ecologically valid speed range for inexperienced runners. For all speeds, 

the SF-HR relation could be described by a parabolic curve; these curves shared an SFopt at 

83 strides·min-1. The curve did not flatten as expected and SFopt did not significantly 

increase with speed. Therefore, it was not needed to extend Model 1 with additional 

parameters as in Models 2-4. To our knowledge, the effect of speed on the calculation of 

SFopt has not been studied before. Previous studies have used direct curve-fitting 

procedures on individual observations 47,48,52,126. Instead, in this study we used a group-

based analysis (GEE) as a more robust alternative.  

The optimum of 83 strides·min-1 determined here, does not differ much from previously 

calculated SFopt. In a group of inexperienced runners, De Ruiter et al 47 found an optimum 

of 84.9 strides·min-1 at an average speed (2.67m·s-1) comparable to the average self-

selected speed in the present study. The difference of 1.9 strides·min-1 is relatively small 

and can be attributed to differences in the analytical approach, methodology, and variance 

between participants 47,52. Note that in both studies, SFopt was considerably lower than the 

90 strides·min-1 proposed by Daniels 117, which is currently often used as a reference in 

practice. As a rule of thumb, it seems more appropriate to advise inexperienced runners 

with speeds between 2.4 to 2.9 m·s-1 to run at SF near 83 strides·min-1.  

The speed range used in this study was intended to reflect common exercise 

intensities and based on a self-rated intensity score during a pre-test. HR was used as an 

estimate for intensity and energy cost. HR ranged on average between 166 and 176 

beats·min-1 over the speeds, which seems an appropriate reflection of regular endurance 

training intensities. HR did not completely level off during the SF-conditions. However, 

the calculated HR slope over the last minute was small (1.4 beats.min-1). Besides, even 

during truly steady state conditions, thus while running below lactate threshold and with 

longer (5 min) exercise blocks, HR does not completely level off 127. Therefore, we believe 

that HR values and thus the speed range used in this study sufficiently reflect training 

intensities of this group of runners.  

Still, the speed range tested was relatively small (2.4 to 2.9 m·s-1, i.e. 8.6 to 10.4 km·h-

1). Measured SFself changed significantly with speed, but only between the first two speeds 
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(V90% and V100%). The calculated SFopt did not change with speed, but the interaction effect 

of speed and SF was close to significance (p = 0.09). In accordance with the non-significant 

interaction between SF and speed in the present study, Weyand et al 96 also did not observe 

significant changes in SFself within a speed range of 2 to 4 m·s-1. Only for larger speed ranges 

did SFself increase significantly 96. Mercer et al 51 also did not find a significant effect of 

speeds from 3.13, 3.58, 4.02 m·s-1 on the relation between SF and oxygen consumption. 

Note that their goal was not to determine an SFopt, but still they used three (non-

randomized SF) conditions. In the present study, the median values of SFself at the different 

speeds revealed a trend and the p-values for the interaction terms of speed on SF in Models 

2 and 4 were small. Post-hoc analysis revealed that the study was slightly underpowered 

and hence a type II error cannot be excluded. Therefore, Model 1 may not hold when tested 

over a larger speed range or with a larger group of participants. Especially, for more 

experienced runners the speed range will likely be larger and it is not unlikely that speed 

will affect their SFopt.  

Similarly, although we did not find flattening of the SF-HR relation at higher speeds 

in the present study, a flattening may occur in more experienced runners who are able to 

run at higher percentages of maximal HR for longer durations.  

Interestingly, our results suggest that the participants could immediately reduce 

their heart rates when they would be running at higher SFs, closer to 83 strides·min-1. 

Similarly, in previous studies 40,47,48,50, runners would reduce oxygen cost immediately by 

increasing their SF. It remains to be investigated whether the energy sparing effect will 

increase even more after a period of habituation and/or training at higher SFs. As far as we 

know, for endurance intensities, there are no studies suggesting that runners should run 

at SFs other than determined by the energetic optimum. Since, it is currently unknown 

what the reason is for inexperienced runners to run at SFs below the energetic optimum, 

understanding of what limits adaptation of SF towards the optimum may help to improve 

learning strategies. It might be argued that coordination may limit the attainable SF, as 

higher SFs require faster muscle recruitment and derecruitment. From this study and also 

from the pilot experiments (where a metronome was used) it became clear that some 

runners did find it very hard to stabilize newly imposed SFs. Participants also made more 

errors at the extreme imposed SFs. Similar errors were found in a previous study in which 

SF was imposed by the use of a metronome 119. However, the low number of errors in the 
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80 strides•min-1 condition suggests that running at SFs of 83 strides•min-1 is unlikely to be 

hampered by limitations in coordination. 

There are many individual factors that could explain the large inter-individual 

differences in SFself. For example, SF at a given speed has been found to decrease with 

fatigue 128 and in a subject-specific manner 48. In addition, damping properties of footwear 
49,100,129,130 and slope 122,131 could affect SF. Effects of anthropometric factors such as body 

composition or leg length are small in comparison with other factors 124. In line with this, 

it was recently shown that a change in SFopt resulted only after adding as much as 1 kg mass 

to each ankles 132. The different factors can be categorized in individual characteristics (e.g., 

neuromuscular control, fibre type, body weight or mass), time-varying variables (e.g., 

speed, fatigue), and environmental circumstances (e.g., (shoe) damping, surface, slope, 

hypoxia, heat 133). Note that most of these factors will be reflected in individual energy cost 

and that only some of them will vary sufficiently within a training to take into account 

when providing feedback. Nevertheless, it may be worthwhile to investigate their effects 

on the SF-HR relation while taking speed into consideration to understand differences 

between groups. Given the high inter-individual differences in SFself, the many possible 

factors influencing SF, not to mention the importance of variability 134, the advice to run at 

83 strides·min-1 should not be generalized to all individuals or to all running conditions.  

In the current study, we used a group-based approach in order to get a robust fit. 

Future studies could apply the proposed models to a larger population, which would allow 

for better generalisation, or study the effects speed over a larger speed range to understand 

the differences in running experience. In addition, it is worthwhile to study the reason for 

inexperienced runners to select SFs below the energetic optimum, to what extent, and how 

quickly these runners adapt SFself towards the energetic optimum with specific training. 

Nevertheless, since commercially available running equipment can already measure speed 

(by GPS), HR, and SF, it may already be possible to use the logged data from such 

equipment to determine SFopt.  

Conclusion 

We conclude that SFopt is relatively stable at the speeds used by inexperienced runners. The 

speed range in this study was determined individually and was intended to reflect the 

habitual endurance running intensities of inexperienced runners. For almost all the 
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participants, the SFself was substantially lower than the optimum of 83 strides·min-1. 

Therefore, the results suggest that inexperienced runners can obtain direct energetic 

benefit from increasing their SFs. It seems of lesser importance that runners adapt their SF 

instantaneously to specific speeds, since the commonly used speed range of inexperienced 

runners will be rather limited. Intra-individual differences are high and contextual 

differences may constrain SFopt, therefore, the generalized advice to run at 83 strides·min-1 

should be avoided and feedback on SF should be determined individually. In addition, the 

current study does not rule out the possibility that SFopt may increase with speed over larger 

speed ranges. Future studies could extend this work by applying the models on data logged 

by commercial devices to provide runners with individualized feedback on their SFopt.  
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Abstract 

The purpose of the present study was to identify factors that underlie differences among 

runners in stride frequency (SF) as a function of running speed. Participants (N = 256; 

85.5% males and 14.5% females; 44.1±9.8 yrs; 181.4 ± 8.4 cm; 75.3 ± 10.6 kg; mean±SD) 

shared their wearable data (Garmin inc). Individual datasets were filtered to obtain 

representative relationships between stride frequency (SF) and speed per individual, 

representing in total 16.128 hours of data. The group relationship between SF (72.82 to 94.73 

strides·min-1) and running speed (V) (from 1.64 to 4.68 m·s-1) was best described with SF = 

75.01 + 3.006×V. A generalised linear model with random effects was used to determine 

variables associated with SF. Variables and their interaction with speed were entered in a 

stepwise forward procedure. SF was significantly, negatively associated with leg length 

and body mass and an interaction of speed and age indicated that older runners use higher 

SF at higher speed. Furthermore, run frequency and run duration were positively related 

to SF. No associations were found with injury prevalence, athlete experience or 

performance. Leg length, body mass, age, run frequency and duration were associated with 

SFs at given speeds. 

Keypoints 

• On a group level, stride frequency can be described as a linear function of speed: SF 

(strides·min-1) = 75.01+ 3.006·speed (m·s-1) within the range of 1.64 to 4.68 m·s-1.  

• On an individual level, the SF-speed relation is best described with a second order 

polynomial. 

• Leg length and body mass were positively related to stride frequency while age was 

negatively related to stride frequency. 

• Run frequency and run duration were positively related to stride frequency, while 

running experience, performance and injury prevalence were unrelated.  
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Introduction 

The growing use of wearables and smartphone applications enables runners to have easy 

access to a wealth of information on running speed, running technique, heart rate and 

training behaviour. Currently, most feedback of sports wearables is limited to displaying 

measured variables, largely ignoring underlying biomechanical relationships and 

individual differences. Stride frequency (SF) is one of the metrics captured by most running 

wearables. Running speed is the product of SF and stride length (SL). Therefore, any change 

in biomechanics that leads to changes in speed will change either SF, SL, or both. Many 

measures of running technique are related to SF. For example, vertical displacement of the 

body’s centre of mass 41,49,105 and ground contact time 49,105 decrease with increasing SF at a 

given speed. Typically, vertical and horizontal ground reaction force at impact, as well as 

peak tibial impact accelerations decrease with increasing SF 40,45,135,136, as do joint moments 

around the knee and the hip 41,110,115. Such findings lead to a common belief that higher SFs 

may reduce injury incidence 43,137–139. In addition, it has been shown that SF manipulation 

results in a change in metabolic demands, which for most runners indicates that they 

would have to increase their SF to reduce these demands 47,50,126,140. Hence feedback on SF is 

believed to be useful to decrease injury risk and metabolic demands of running.  

In practice (coaches, practitioners and (non-scientific) literature) often advise a fixed 

SF of 90 strides×min-1 following Daniels 117. Several studies have shown that SF increases 

with speed. However, those studies share a common limitation that SF was measured in 

very short running bouts. For example, Mercer et al. 42 measured 20 s on a treadmill, 

Weyand et al. 96 measured 8 steps on a treadmill and Nummela et al. 95 measured over a 30 

m distance on an indoor track. In addition, several authors reported relatively large inter-

individual differences in preferred SF at a given speed 48,140,141. Biomechanical models 142–145 

and comparative animal studies 146–148 suggest that SF is determined by leg length. Similarly, 

body mass, sex, and age can be expected to influence SF. SF is thought to be modifiable by 

gait retraining 149 and thus it can be expected that performance, experience, training 

behaviour and injury history may be associated with SF.  

Most of the current knowledge on SF is derived from studies on small homogenous 

groups, which makes it difficult to generalise this knowledge for advice to individual 
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runners on the SF they should adopt. Until now, determinants of self-selected SF have not 

been established, which makes it difficult to provide individualised advice in practice.  

Today’s sports wearables provide the means to collect large amounts of data which 

can provide new insights into individual differences in SF. The aim of this study is to assess 

the relationship between SF and running speed using data collected with wearables worn 

during regular running sessions in a large heterogeneous population of runners. This large 

dataset provides the opportunity to investigate how anthropometric measures, experience, 

performance, training behaviour, and injury prevalence affect the relationship between 

running speed and SF. 

Materials and methods 

Study population and study design 

Adult runners were recruited using social media and online advertisement in the 

Netherlands. Participants filled out questions on anthropometrics, experience, 

performance, injury prevalence, and training behaviour (Table 5.1). Runners who used a 

Garmin sports watch were asked to share their data. All participants provided digital 

informed consent before participating. The study protocol was approved by the local ethics 

committee of the Faculty of Behavioural and Movement Sciences and designed in 

accordance with the Declaration of Helsinki 150. For practical reasons, such as accessibility, 

accuracy and popularity, data collection was limited to the data of the brand Garmin. From 

the data logged by these devices, SF and speed were derived. A Garmin Forerunner 620 

HRM® was validated with data from diverse conditions of a previous study 151, resulting in 

a good absolute agreement coefficients with the reference measure of SF (ICC, mean±std 

= 0.85±0.06). However, since SFs can be measured by foot pods, accelerometers embedded 

in the watch, or accelerometers embedded in the heart rate monitor, it should be noted 

that the accuracy may depend on the specific software and hardware setup and thus vary 

across participants. The data were filtered per individual before being submitted to a 

regression analysis. Figure 5.1 presents an overview of the data selection process.  
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Table 5.1. Description of the determinants derived from the questionnaire 

Group Label Description 

Anthropometrics Age Calculated on self-reported date of birth.  

 Height Self-reported body height in cm 

 Leg Length Calculated as a percentage of Height. Expressed in cm. For man 
47.9% and woman 49.9% 152.  

 Mass Self-reported body mass in kg 

Experience Experience Runners with more than 3 years and those with less experience.  

Performance 3kmV Self-reported speed on a 3km in m×s-1. 

 10kmV Self-reported speed on a 10km in m×s-1. 

 WMA-Scores These scores allow for a direct comparison between athletes 
regardless of age and sex. The WMA-scores are calculated from 
World Masters Association Age Grading Performance Tables. 
Based on age, sex, and self-reported race speeds (3 and 10 km) 
the calculation adjusts performance of an athletes based on age 
and sex. The factors in these tables are derived from world-
record times on all the distances.  

Training 
behaviour  

Tot 
Frequency 

Number of workouts per week including other sports for a 
typical week in the past 3 months.  

 Run 
Frequency 

Number of run workouts per week for a typical week in the past 
3 months.  

 Run Distance The average distance (km) of the run workouts for a typical week 
in the past 3 months.  

 Run Duration The average duration (min) of the run workouts for a typical 
week in the past 3 months.  

 Run Intensity Weekly average of the intended rate of perceived exertion RPE 
for the run workouts, weighted by the workout frequency. RPE 
was measured on a: 11-point scale (0=rest, 10=maximal 
exertion). 

 Run Variation Standard deviation of RPE Intensity. Weighted by the run 
frequency.  

Injury prevalence Injured  Being injured or not during last year (Boolean). 

 Overuse 
injuries 

An overuse injury was suspected when the injury concerned a 
lower extremity injury, had a gradual onset, lasted more than 
one week and lead to training modifications. These issues were 
derived from several questions (Boolean). 

In the questionnaire, each workout and each injury were described by the participant separately using 
multiple questions. 
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Figure 5.1. Overview of the data selection process. A larger cohort filled out the questionnaire, 
256 participants shared their data. The SF and speed data were first filtered per time series and 
sequentially per individual to form a representative dataset. The individual datasets with speed 
and SF estimates were analysed on group level using regression analysis. First to determine the 
relationship between SF and speed, thereafter to understand the contribution of 
anthropometric variables. Secondly, to evaluate the association of anthropometric – and 
training variables with SF. 

 

Questionnaire response
1823 Participants

GPS users
1523 Participants

Run workouts
339 Participants
82 ± 101 Workouts
92 ± 153 Hours

Workouts with cadence
256 Participants
58 ± 46 Workouts
62 ± 58 Hours

Selecting steady speed
(per time series)

Weighting observations
(per individual)

Outlier removal 
(per individual)

Classify observations 
(per individual) 

Individual (non-parm) fit
256 Participants
55 ± 47 Workouts
63 ± 59 Hours

Baseline model 
with SF and V

Anthropometric 
determinants

Full model
e.g. anthropometrics, injury 
incidence, performance, 
experience, training 
behaviour

Response Selecting Modelling

Willing to share
857 Participants

Garmin users
871 Participants

Removal of outliers 
using a regression analysis
(0.56% removed)
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Obtaining individual datasets 

The training data from sports watches were typically stored in TCX or FIT formats. These 

data were processed and analysed using custom Matlab code (R2017b; MathWorks Inc., 

Natick, USA). Figure 5.2 illustrates several steps taken to obtain individual datasets.  

a) Workouts were pre-selected and classified as ‘running’ when median V ranged between 

1.2 – 8 m×s-1. Additionally, the selected files had to contain SF data. 

b) Per workout, intervals with constant speed were selected. First, V and SF were 

interpolated to 1Hz and low-pass filtered (Butterworth, order 1 and low-pass frequency 

of 0.4 and 0.03Hz for V and SF respectively) as fast fluctuations in V and SF were 

considered irrelevant in the present context. Steady-speed observations were selected 

using a moving standard deviation with a span of 5 s and a maximum standard 

deviation of 0.1 m×s-1 (Figure 5.2a). The first 3 min of each workout, data points outside 

the speed range of 0.1-11 m×s-1 and outside an SF range of 20-120 strides×min-1 were 

excluded. Note that the ranges used are very conservative, later filtering steps will 

further remove outliers and other activities.  

c) Next, the aggregated SF and V observations within each individual were analysed to 

create a representative relationship between SF and V per individual without forcing a 

relationship beforehand using the next steps. 

d) High variation existed in the number of observations per workout. Therefore, a weight 

was calculated using a logarithmic-weighting function with a minimum of 100 

observations to randomly remove observations per workout and decrease the sample 

size variation between workouts. The aggregated data points of all workouts of one 

individual formed an individual dataset. 

e) From an individual dataset, outliers were removed by calculating the density of the 

observations. Data density was calculated using a kernel density estimation over both 

SF and V dimensions (Figure 5.2b). Observations below 0.5% of the maximal density 

were defined as outlier. Bandwidth was calculated using the maximal smoothing 

principle 153 with a Gaussian kernel.  

f) At this point, the individual datasets could still contain ‘walking’, ‘running’ or even 

‘biking’ observations. In addition, the data could contain noise that was produced in a 

more systematic manner for example by measurement errors. A Gaussian mixture 

distribution analysis was used on the dimensions SF and V to determine clusters with 
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the assigned labels: ‘rest’, ‘walk, ‘run, ‘bike or ‘noise’. The number of clusters was 

determined iteratively based on the AIC-criteria. Only the ‘Run’-classified observations 

were used for further analysis. 

g) A non-parametric fit was calculated to create representative V-SF relationships per 

participant using the following procedure: First, a moving median filter with steps of 

0.1 m×s-1 without overlap was applied to the data. Subsequently, a second-degree 

Savitzky-Golay FIR smoothing filter with a frame length of 1 m×s-1 was used to create a 

non-parametric fit. Observations with unique values for V with a maximum precision 

of 0.1 m×s-1 were maintained. In this way, the relationships were not pre-shaped and 

only true speeds were used for further analysis.  

h) Lastly, from the set of all individual relationships, outliers were removed. This was 

done in a stepwise procedure using the sequence of Outlier models (See below). A log-

likelihood test was used to determine the validity of each new model before outliers on 

the residuals were assessed using a generalised extreme Studentized deviate test. In 

total, this procedure marked 0.56% as outlier.  

Outlier model 1: SF = b/ + b*V + (1|subj_id) 

Outlier model 2: SF = b/ + b*V + (1 + V|subj_id) 

Outlier model 3: SF = b/ + b*V + (1 + V|subj_id) + (V%|subj_id)  

In which the terms within the brackets denote the random effects terms, where a subject 
identifier (subj_id) was used as a random effect variable to account for individual 
differences. 

Baseline model: SF = b/ + b*V +	(1 + V	|subj_id) + (V%	|subj_id)  

Assessing the baseline model SF x V 

After removal of outliers, the fixed terms of the equation SF = b/ + b*×V+	b%×V%  were 

tested in sequential order. The complexity of the V-SF model was determined by a log-

likelihood test and the significance of regression coefficients. The regression term b% did 

not contribute significantly; therefore SF = b/ + b*V was used in further steps. Individual 

differences in intercept, slope and curvature (V%) revealed the within-subject nature of the 

data. The model was therefore further expanded with random terms using stepwise model 
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comparisons and inspecting the explained variance. Based on the results it was decided to 

use the Baseline model below for further analysis.  

a. 

 

 

b. 

 

Figure 5.2. Illustration of the 
procedure to obtain individual 
relationships between SF and V. 
a) Illustrates the speed (purple 
line) over time during an interval 
workout. The yellow points 
indicate the selected steady 
speed observations. A moving 
standard deviation filter with a 
cut-off value of 0.05 m×s-1 was 
used to select the steady speed. 
b) Illustrates the removal of 
outliers using a kernel density 
estimation on SFxV 
observations. Observations 
<0.5% where removed as 
outlier. c) Illustrates the 
classification using clustering 
and the non-parametric fit 
(black intermitted line). The 
clusters were allocated to 
different activities (yellow: 
running, blue: walking, red 
cross: outliers) Secondly, a non-
parametric fit was calculated on 
the observations classified as 
running. d) Illustrates the 
diversity of 10 of the individual 
V-SF relationships. Non-
parametric fits such as these 
were further analysed using a 
regression analysis. 

c. 

 

d. 
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Adding variables as fixed terms 

The variables derived from the questionnaire (Table 5.1) and the interaction between those 

variables with speed were entered in the Baseline model as fixed covariates using a forward 

stepwise procedure. The forward stepwise procedure is described as follows: entering all 

variables separately, keeping the variables with the lowest and significant regression 

coefficient (p<0.05) and repeating this procedure until none of the regression coefficients 

of the remaining variables was significant. Variables that correlated to more than r>0.7 

were omitted from the analysis to prevent collinearity. Since anthropometric variables are 

easy to assess and to interpret from a biomechanical point of view, we analysed 

anthropometric variables apart from the other variables, before analysing all variables. The 

within-subject nature was controlled for by including random effects for participant 

(subj_id), with a full covariance matrix using the Cholesky parameterisation and restricted 

maximum pseudo-likelihood estimation.  

Results 

Figure 5.1 provides an overview of the data reduction process. From the 339 participants 

that shared their data, 256 (75%) participants contained sufficient workouts with SF and 

could be included. The individual datasets represented in total 16.128 hours from 14.080 

running workouts, with an average of 63 h of data per individual. Table 5.2 summarises 

the characteristics of the participants that shared data in comparison with the participants 

that did not share training data. Significant differences were found between both groups 

regarding sex, various anthropometric measures and performance. The included group also 

consisted of more runners with >3 years’ experience and who trained significantly more 

often (weekly run frequency, distance and hours all significantly differed between groups). 

The reported rate of perceived exertion per workout was equal between groups. The 

variation based on the intended RPE scores per session indicates that workout intensity 

varied more in the included group. Table 5.3 summarises SF and V data derived from the 

sports watches. Average speed was 3.07 m×s-1 with an average speed range across 

individuals from 1.64 to 4.68 m×s-1. The average SF was 84 strides×min-1 with an average 

range across individuals from 72.82 to 94.73 strides×min-1. 
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Table 5.2. Descriptive, anthropometry and training characteristics of the participants with and 
without data.  

 Included participants Excluded participants  
Anthropometric variables (N= 256) (N= 1567) 

Men:Women 85.5% : 14.5% ** 55.9 : 44.1% 

Age (yrs) 44.1 ± 9.8 43.5 ± 11.2 

Body height (cm) 181.4 ± 8.4 ** 177.2 ± 9.1 

Leg Length (cm) 87.4 ± 3.4 ** 86.4 ± 3.5 

Body mass (kg) 75.3 ± 10.6 * 73.5 ± 12.2 

BMI (kg×m-2) 22.8 ± 2.3 * 23.3 ± 2.9 

   

Other variables   

Experience >3 years 77.0% ** 64.2% 

3 km speed (m×s-1)a 3.9 ± 0.6 ** 3.5 ± 0.7 

10 km speed (m×s-1) a 3.7 ± 0.5 ** 3.3 ± 0.6 

WMA-scores 59.8 ± 9.0 ** 53.2 ± 10.2 

Total Frequency (wk-1) c 6.3 ± 0.8 * 6.2 ± 0.9 

Run Frequency (wk-1) c 3.2 ± 1.2 ** 2.7 ± 1.1 

Run Distance (km×workout) 12.0 ± 3.4 ** 10.3 ± 3.4 

Run Duration (min×workout) 74.6 ± 19.5 ** 68.5 ± 20.8 

Run Intensity (average RPE×wk-1) 3.4 ± 0.8 3.4 ± 0.8 

Run Variation (SD RPE×wk-1) 0.9 ± 0.6 ** 0.7 ± 0.6 

Injured last year  62.1% 56.0% 

Injury overuse 22.3% 23.1% 

Where the included participant where those with valid data and the excluded participants those 
without valid data. Values are expressed in mean±SD. Logic variables are expressed in 
percentages. * p<0.05, ** p<0.001. The significance was tested using an independent t-test for 
the ratio variables and a Wilcoxon rank test for the ordinal variables and chi-square test for the 
logical variables.  

 

Table 5.3. Sport watch data descriptive based on selected observations (N= 256) 

 Average SD Min Max 

V (m×s-1) 3.07 ± 0.33 0.42 ± 0.16 1.64 ± 0.42 4.68 ± 0.81 

SF (strides×min-1) 84.18 ± 4.16 2.68 ± 0.84 72.82 ± 5.94 94.73 ± 5.38 

Values are displayed as: mean±SD 
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Baseline model 

On a group level, a significant regression coefficient for V in the prediction of SF (R2
adj = 

0.419, Table 5.4): SF (strides×min-1) = 75.01 + 3.006×V (m×s-1) was found. Individual linear 

models revealed considerable inter-individual differences in intercepts (74.07 ± 13.05), 

slopes (2.978±7.962) and quadratic terms (0.120±1.284), where slopes and quadratic terms 

ranged from positive to negative. The model with the random effects explained almost all 

variance in the data (R2
adj = 0.986, Table 5.4). Therefore, we included random effects in the 

Baseline model for intercept, slope and the quadratic term. The regression coefficients of 

Table 5.4. Results of the forward stepwise regression using a generalised linear mixed effects 
model 

Baseline model without random effects 
B SE Lower 

95% CI  
Upper 
95% CI  

p-value 

b0 (intercept) 73.74 0.053 73.63 73.84 <0.001 

b1 x V  3.503 0.016 3.471 3.534 <0.001 

 R2
adj = 0.419, Residuals Std = 4.133 

   

Baseline model with random effects (" + 	%|'()*_,-) + (%!|'()*_,-) 
b0 (intercept) 75.01 1.296 72.47 77.55 <0.001 

b1 x V (m×s-1) 3.006 0.448 2.129 3.884 <0.001 

R2
adj = 0.986, Residuals Std= 0.641 

   

Anthropometric model with random effects (" + 	%|'()*_,-) + (%!|'()*_,-) 
b0 (intercept) 114.46 6.444 101.83 127.09 <0.001 

b1 x V (m×s-1) 2.031 0.583 0.889 3.173 <0.001 

b2 x Leg Length (cm) -0.394 0.087 -0.564 -0.224 <0.001 

b3 x Mass (kg) -0.066 0.0293 -0.123 -0.009 <0.05 

B4 x V x Age(yrs) 0.022 0.008 0.005 0.038 <0.01 

with random effects: R2
adj = 0.986, Residuals Std = 0.639 

without random effects: R2
adj = 0.534, Residuals Std = 3.692 

      
Full model with random effects (" + 	%|'()*_,-) + (%!|'()*_,-) 
b0 (intercept) 112.84 5.807 101.46 124.23 <0.001 

b1 x V (m×s-1) 2.988 0.454 2.099 3.878 <0.001 

b2 x Leg Length (cm) -0.494 0.063 -0.618 -0.371 <0.001 

b3 x Run Frequency 0.556 0.189 0.185 0.928 <0.05 

b4 x Run Duration 0.048 0.011 0.026 0.070 <0.001 

with random effects: R2
adj = 0.986, Residuals Std = 0.638  

without random effects: R2
adj = 0.542, Residuals Std = 3.653 

Where B: regression coefficient, SE: standard error, Lower: lower 95% confidence interval, Upper: upper 95% confidence 
interval and p-value: significance of the regression coefficient (B).  
For the full dataset: N = 256, DF = 66527 
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the Baseline model indicate that an increment of 1 m×s-1 relates to an increment of 3 

strides×min-1. Figure 5.3 illustrates the Baseline model in comparison with previous 

literature.  

Anthropometric model 

Anthropometric variables added to the Baseline model resulted in significant regression 

coefficients for V, Leg Length, and the interaction term VxAge in the prediction of SF 

(Table 5.4, Anthropometric model). Leg Length correlated with Height (r = 0.96, 

Appendix) and BMI (r = 0.77, Appendix). Age did not have correlations with any other 

variable above the threshold of r=0.7. The Anthropometric model indicates that for each 5 

cm increase in leg length SF is reduced by 2 strides per minute, for a 15 kg increase in body 

mass SF is reduced by 1 stride per minute and a runner of 40 years running at 3 m×s-1 would 

have SF of 0.7 strides×min-1 higher than a runner at the age of 30, while at 5 m×s-1 the 

difference would be 1.1 strides×min-1.  

 

Figure 5.3. The relationship between speed (V) and stride frequency (SF). The line with the 
black-filled markers represents the relationship found in the current study SF = 75.01 + 
V·3.006. The other coloured lines represent the SF-V relationship derived from previous study 
results 51,95,96,121,122. 

1 2 3 4 5 6 7 8 9 10
V (m s-1)

70

80

90

100

110

120

130

140
SF

 (s
tri

de
s

m
in

-1
) 



Running Deciphered 

 82 

Full model 

The final model included Leg Length, Run Frequency and Run Duration in the prediction of 

SF (Table 5.4, Full model). Both Run Frequency and Run Duration (min) were positively 

related to SF at given speeds. The regression coefficients imply that habitual performance 

of one extra workout per week coincides with 0.56 strides×min-1 higher SF and habitual 

performance of 10 min longer workouts coincides with 0.48 strides×min-1 higher SF, at given 

speed.  

Discussion 

The present study was designed to assess the determinants of self-selected SF in running. 

Current knowledge on SF is mainly based on short episodes of running in experimental 

conditions. Instead, the present results are based on habitual training data from wearable 

devices obtained from a large group of runners (N = 256, 16.128 h) and with many 

observations per runner (on average 55 workouts, 63 hours).  

Gait speed as a determinant of SF 

On a group level (fixed terms in the equations) the relationship between SF and speed is 

best described using the linear equation SF = 75.01 + 3.006×V, with the fixed coefficients 

obtained from the model with random effects. The average speed ranges of the runners in 

the present study (1.64 to 4.68 m×s-1) reflect speeds during regular run sessions. Note that 

large speed ranges may increase the added value of an additional quadratic term, but such 

ranges are not commonly attained by most runners.  

In comparison with previous studies the calculated SF estimates are higher (Figure 

5.3). One important difference with previous studies is that speed in the current study was 

derived from GPS-data. It is recognised that smoothing of data on the device and the 

sample frequency may underestimate speed especially when turning or running along 

curved paths 90,91,154–156. Based on the paper of Witte and Wilson 156 a bias of -0.4 m×s-1 may 

be expected in extreme conditions. Correcting for such an error, SF estimates for a given 

speed decrease by 2 strides×min-1. Due to the large sample size and the filtering applied in 

this study, we expect that the actual error is smaller. Besides the effects of GPS, there are 

many other potential methodological differences with previous studies that are likely to 

account for differences in the estimated SFs. For example, the influence of fatigue 48,128,157 or 
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over-ground versus treadmill running 130,158–160 may also affect SF. The present study shows 

that differences with previous studies can also in part be explained by participant 

characteristics, which the present study is the first to address. 

Inter-individual variation in V-SF relationships was relatively large. The 

improvement of explained variance using the random effects model (from R2
adj = 0.419 to 

R2
adj =0.986) demonstrates that on an individual level, the relationship between SF and V 

is best described by a second order polynomial as in previous studies 42,95,96. A positive 

quadratic term indicates that at higher speeds the contribution of SF increases and, 

consequently, the contribution of SL decreases. Therefore, in this case generating 

horizontal propulsion to further increase SL may be limiting a further increase in speed. 

Interestingly, both positive and negative regression coefficients were found for the 

quadratic term. Positive and negative coefficients will cancel each other out at a group 

level, which may partly explain why the quadratic term b2×V2 was not significant. This 

inter-individual variation has not been reported before, but it may reflect individual 

tendencies to increase speed by preferentially increasing SF or SL.  

Anthropometrics as determinants of SF 

As expected, runners with longer legs had lower SF and thus made longer strides at given 

running speeds. Leg length was not measured as we used self-report and did not trust 

self-report of leg length. Body height was, as is quite common, self-reported and could 

have been used as a predictor of SF instead. However, mechanistically leg length is more 

likely to be an actual determinant of SF. The relation between body height and leg length 

is sex-dependent and hence a sex-specific estimate of leg length based on body height 

was preferred over body height in the analysis. It is recognised that this is different from 

the actual measured leg length per individual. For example, the study of Svedenhag 161 

suggested that taller, heavier and thereby presumably stronger elite runners with relatively 

shorter legs have longer SLs compared to shorter and lighter elite runners with relatively 

longer leg lengths 161. In the current study, it is not possible to draw detailed conclusions 

on the association between individual variation in leg lengths and SF. Given the large 

sample of runners, we feel safe to conclude that taller runners, who in general have 

relatively longer legs, are more likely to run with lower SFs.  
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The Anthropometric model also showed a significant regression coefficient for body 

mass in the prediction of SF. With leg length already in the model, the effect of body mass 

due to body length is reduced. The differences can therefore mainly be attributed to 

differences in relative muscle and fat mass. Body mass primarily consisting of fat mass 

may lead to less effective forward propulsion and consequently relatively higher SF at given 

speed. Since most of the runners in this study had a healthy BMI and were experienced, 

higher BMI could reflect larger muscle mass. Runners with more muscle mass may exploit 

their muscle strength to make longer strides, which may explain the negative effect of 

mass on the V-SF relationship. Accordingly, Svedenhag 161 reported a significant positive 

correlation between body mass and SL in well-trained runners. 

A positive interaction term between speed (3.07±0.33 m×s-1) and age (44.1 ± 9.8 yrs) 

was last added to the Anthropometric model. The interaction term in the present study 

indicates that older runners increase SF rather than SL to attain high speeds. This finding 

was done with runners varying in age from 19 to 65 yrs and speeds ranging from 1.21 m×s-1 

to 8.17 m×s-1. Cavagna et al. 162 studied two groups with a larger age difference (old 73.6±5.5 

years vs young 20.8±1.6 at speeds from 1.1 to 4.7 m×s-1) and also reported a negative 

relationship between age and SF 162. They suggest that the higher SF are the consequence 

of a reduced recoil capacity which leads to shorter SL. The interaction effect of age and 

speed on SF could therefore be caused by a reduction in horizontal propulsion, explaining 

a preference to increase SF rather than SL to increase speed. Collectively, the significant 

effect of mass and the interaction between speed and age suggests that stronger runners 

use longer SLs and thus lower SFs at given speeds. 

Training characteristics as determinants of SF 

In the full model, anthropometrics, age, training behaviour, experience, performance and 

injury prevalence measures were evaluated together in the regression analysis. In addition 

to leg length, run frequency and run duration were significantly and positively associated 

with SF. No significant associations between SF and experience, injury prevalence or 

performance measures were found. Previous studies showed that, at given speed, novice 

(untrained) runners have a lower SF compared with experienced runners 163. The lower SF 

in novice runners seem to be energetically suboptimal 47,140, while experienced runners 

appear to run near optimal SL/SF ratios 47,48,52,164. In the current study, 77% of the runners 
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had over 3 years’ experience. Most of them can therefore be considered experienced 

runners, which could also provide an explanation for the lack of association between 

running experience and SF in the present study. However, training effort seem to increase 

SF, as reflected in the associations with run frequency and run duration. In line with this, 

Nelson and Gregor 165 found in a longitudinal study that experienced distance runners 

tended to increase their SFs at given speed over a period of 4 years..  

Limitations and future directions 

Without random effects, the final models, i.e. both the Anthropometric model and the Full 

model, explained approximately half of the variance in SF, while the random effects 

explained nearly 100% of the variance. This indicates that about half of the variance is 

unexplained inter-individual variation in offset, slope and the quadratic term. This clearly 

indicates that further exploration of the determinants of SF is needed.  

Differences in device accuracy, sample frequency and filtering have likely contributed 

to between-subject variance. Moreover, we focussed on relatively ‘fixed’ individual 

determinants of SF that could be assessed through questionnaires. Anthropometrics (leg 

length, body mass), but also age, run frequency and duration were related to SF. The latter 

three may be explained by differences in physical capacities. Leg muscle strength may be 

a limiting factor in increasing SL as discussed above. It may thus be more directly related 

to SF and hence be a better predictor than age and training volume, which may be related 

to SF through their effects on muscle strength. Potentially, muscle strength relative to 

anthropometric measures (body mass and length) may be even more informative. 

Furthermore, aerobic capacity may be an important determinant of the SF-V relationship. 

High aerobic capacity may imply that runners are less constrained to choose an optimal 

SF/SL ratio when running at sub-maximal speeds. Also, environmental (e.g. wind, slope, 

surface), and other transient factors (e.g. fatigue) may affect SF/SL ratios at given speeds. 

Some of the factors could be evaluated using similar large datasets from wearable devices.  

In the present study, participants were relatively experienced and most of them 

presumably familiar with feedback on SF provided by their own sports watches. This may 

have created a bias towards running at relatively high SFs (as often advised) compared 

with a matching population not familiar with feedback.  
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Longitudinal studies and more detailed measures are required to understand possible 

benefits of SF feedback, to determine the effects of training targeting changes in SF on 

running economy and injury prevalence and to assess how running drills and strength 

workouts optimise individual SF/SL-ratios. 

Practical implications 

As far as we know, current sports wearables ignore speed in their feedback on SF. The 

results of the present study show that speed and factors like leg length, body mass and age 

determine self-selected SF and hence likely also optimal SF. With the still largely 

unexplained variance between individuals, feedback may need to be based on individual 

data and likely coaches should stimulate variation to promote self-optimisation and 

adaptation to various situations. 

Conclusion 

On a group level, SF increases linearly with speed SF (strides·min-1) = 75.01+ 3.006·V (m·s-

1) within the range of 1.64 to 4.68 m·s-1, while individual fits are best described using a 

second order polynomial. Higher SFs were found for participants with shorter leg lengths 

and lower body mass and in older participants when running at high speeds. Furthermore, 

run frequency and run duration were positive related with SF. No associations were found 

between SF and experience, performance, or injury prevalence. Given the high variation 

observed within and between individuals, one should be careful in suggesting a single SF 

as optimal. 
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Supplementary materials 

Table 5.A1. Correlation coefficients 
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Experience .11 .27 .3 .00 -.03 -.06            

Speed3km .36 -.43 .16 .06 -.13 -.31 .16           

Speed10km .37 -.39 .14 .03 -.15 -.32 .19 .92          

WMA-Score .37 -.42 .15 .05 -.15 -.32 .18 .98 .98         
Tot. 
Frequency  -.10 -.03 -.10 -.08 -.16 -.14 .01 .23 .23 .24        

Run 
Frequency -.06 .04 -.7 -.06 -.21 -.23 .10 .28 .28 .28 .66       

Run 
Distance .21 .04 .10 .04 .00 -.06 .20 .26 .33 .30 .09 .11      

Run 
Duration -.04 .14 -.4 -.04 -.03 -.01 .15 .01 .05 .03 .01 .02 .76     

Run 
Intensitya -.05 -.17 .2 .04 -.04 -.08 -.12 -.01 -.03 -.02 -.06 -.08 -.05 .02    

Run 
Variationa .04 -.20 .4 .03 -.09 -.16 .08 .33 .29 .32 .22 .37 -.06 -.17 .29   

Injured -.03 .07 .3 .05 .00 -.03 .05 -.08 -.03 -.05 -.02 -.03 .04 .05 -.09 -.08  
Overuse 
Injuries .03 -.02 -.7 -.10 -.05 .01 -.02 .04 .05 .04 .04 .05 -.02 -.01 .05 .00 -.41 

The dark shaded boxes denote the correlation coefficients above r = 0.7, those were not analysed 
in the same model to prevent collinearity. The light shaded boxes denote the correlation coefficients 
above r= 0.5.  
aVariation and intensity based on RPE scores.  
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Table 5.A2. Parameter estimates in contribution to the Baseline model: SF = b! + b"V +
b#variable' +	(1 + V	|subj_id) + (V#	|subj_id) 
Name : B SE t-value DF p-Value 95% CI 
Leg length 0.031 -0.52 0.07 -7.93 66524 0.000 -0.65 -0.39 
V x Leg length 0.030 -0.18 0.02 -7.64 66524 0.000 -0.65 -0.13 
Height 0.029 -0.21 0.03 -7.56 66524 0.000 -0.65 -0.15 
V x Height 0.029 -0.07 0.01 -7.41 66524 0.000 -0.65 -0.05 
Body Mass 0.023 -0.13 0.02 -5.96 66524 0.000 -0.65 -0.09 
V x Body Mass 0.022 -0.05 0.01 -5.65 66524 0.000 -0.65 -0.03 
Duration 0.016 3.05 0.76 4.03 65345 0.000 -0.65 4.53 
V x Run Duration 0.015 1.04 0.26 3.96 65345 0.000 -0.65 1.56 
Run Frequency 0.013 0.71 0.21 3.37 66524 0.001 -0.65 1.12 
Run Distance 0.013 0.25 0.08 3.25 66261 0.001 -0.65 0.39 
V x Run Frequency 0.013 0.24 0.07 3.24 66524 0.001 -0.65 0.38 
V x Sex 0.012 -0.73 0.25 -2.99 66524 0.003 -0.65 -0.25 
V x Run Distance 0.011 0.08 0.03 2.93 66261 0.003 -0.65 0.13 
Sex 0.010 -1.88 0.71 -2.65 66524 0.008 -0.65 -0.49 
V x Age 0.009 0.02 0.01 2.20 65900 0.028 -0.65 0.04 
Age 0.008 0.05 0.03 1.94 65900 0.052 -0.65 0.10 
Tot. Frequency 0.007 0.54 0.31 1.76 66524 0.079 -0.65 1.15 
V x Tot. Frequency 0.006 0.17 0.11 1.61 66524 0.107 -0.65 0.38 
BMI 0.006 -0.17 0.11 -1.57 66524 0.116 -0.65 0.04 
V x BMI 0.005 -0.05 0.04 -1.31 66524 0.191 -0.65 0.02 
V x Run Intensity 0.004 -0.12 0.11 -1.13 66424 0.260 -0.65 0.09 
Injury 0.003 0.47 0.53 0.90 65755 0.370 -0.65 1.50 
V x V3km 0.003 -0.12 0.14 -0.89 66331 0.372 -0.65 0.15 
V x Injury 0.003 0.16 0.18 0.87 65755 0.383 -0.65 0.51 
Run Intensity 0.003 -0.26 0.32 -0.83 66424 0.407 -0.65 0.36 
Run Variation 0.003 0.34 0.43 0.79 66424 0.428 -0.65 1.20 
Overuse injury 0.003 0.45 0.61 0.75 66524 0.454 -0.65 1.64 
V x Overuse Injury 0.003 0.15 0.21 0.74 66524 0.459 -0.65 0.57 
V10km 0.002 0.29 0.46 0.63 66331 0.527 -0.65 1.20 
Experience 0.002 0.11 0.18 0.59 66408 0.556 -0.65 0.46 
V x WMA-score 0.002 -0.01 0.01 -0.52 66331 0.601 -0.65 0.01 
V x Run Variation 0.002 0.07 0.15 0.49 66424 0.623 -0.65 0.37 
WMA-score 0.001 0.01 0.03 0.25 66331 0.802 -0.65 0.06 
V x Experience 0.001 0.01 0.06 0.18 66408 0.858 -0.65 0.13 
V3km 0.000 -0.05 0.41 -0.12 66331 0.904 -0.65 0.75 
V x V10km 0.000 -0.02 0.16 -0.11 66331 0.915 -0.65 0.30 

Arranged by !,the standardized estimate of the regression coefficient B, calculated by ! =	$ !!
!!"#$. Where 

B: regression coefficient, SE: standard error, Lower: lower 95% confidence interval, Upper: upper 95% 
confidence interval and p-value: significance of the regression coefficient (B). Interaction terms with speed 
(V) are denoted with V:variable.  
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Running styles from wearable data 

Adapted from 

Van Oeveren, B. T., De Ruiter, C. J., Beek, P. J. & Van Dieën, J. H. The biomechanics of 

running and running styles: a synthesis.Sports Biomechanics (accepted) 
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Abstract 

Running movements are parametrised using a wide variety of devices. Misleading 

interpretations can be avoided if the interdependencies and redundancies between 

biomechanical parameters are taken into account. In this synthetic review, commonly 

measured running parameters are discussed in relation to each other, culminating in a 

concise, yet comprehensive description of the full spectrum of running styles. Since the 

goal of running movements is to transport the body centre of mass (BCoM), and the BCoM 

trajectory can be derived from spatiotemporal parameters, we anticipate that different 

running styles are reflected in those spatiotemporal parameters. To this end, this review 

focuses on spatiotemporal parameters and their relationships with speed, ground reaction 

force and whole-body kinematics. Based on this evaluation, we submit that the full 

spectrum of running styles can be described by only two parameters, namely the step 

frequency and the duty factor (the ratio of stance time and stride time) as assessed at a 

given speed. These key parameters led to the conceptualisation of a so-called Dual-axis 

framework. This framework allows categorisation of distinctive running styles (coined 

‘Stick’, ‘Bounce’, ‘Push’, ‘Hop’, and ‘Sit’) and provides a practical overview to guide future 

measurement and interpretation of running biomechanics.  
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ABBREVIATIONS 

BCoM Body centre of mass  
CoP Centre of pressure  
DF Duty factor Dimensionless 
dflight Horizontal distance during the flight phase (m) 
dstance Horizontal distance during the stance phase (m) 
dhip-ic Horizontal distance between the CoP at initial contact 

to the trochanter major. 
(m) 

dBCOM-ic Horizontal distance between the CoP at initial contact 
to the BCoM. 

(m) 

F Force (N) 
Fy,BW Vertical force required to support the body weight (N) 
g Acceleration due to gravitation (m/s2

, usually -9.81 m/s2) 
GRF Ground reaction force. (N) 
I Impulse (Ns) 
K Generic stiffness constant (kN/m) 
kleg Leg stiffness constant (kN/m) 
kvert Vertical stiffness constant (kN/m) 
L0 Leg length at rest (m) 
SF Step frequency (spm; steps per minute) 
SL Step length (m) 
SLIP model Spring-loaded inverted pendulum  
tbrake Time of the braking phase (s) 
tflight Time of the flight phase (s) 
tprop Time of the propulsion phase (s) 
tstance Time of the stance phase. Also referred to as contact 

time  
(s) 

tstep Step time (s) 
tswing Swing time (s) 
V Velocity of the BCoM (m/s; visualised in km/h) 
VDflight Vertical displacement during the flight phase (m; visualised in cm) 
VDstance Vertical displacement during the stance phase  (m; visualised in cm) 
VDstep Vertical displacement of a step (m; visualised in cm) 
 qoff Take-off angle (deg) 
 qdown Touch-down angle (deg) 
[]x, []y Notation for displacement, speed, force in respectively 

the horizontal (x) and vertical (y) direction.  
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Introduction 

Runners, coaches, clinicians, and scientists use wearable technology, optical systems and 

force transducers to quantify running. Typically, measurements are performed to either 

optimise running economy 54,113,166,167 or reduce injury risk 44,168,169. However, without 

considering the interdependencies and redundancies between parameters, false claims and 

misleading interpretations are readily made. The analysis of isolated parameters may 

explain in part why the conclusions regarding different kinematic and kinetic parameters 

and running economy are often contradictory 54, and why the literature on the relationship 

between running technique and injury risk suffers from considerable inconsistencies 168–170. 

Furthermore, feedback from commercial applications is predominately based on isolated 

parameters. Unfortunately, the analysis, presentation and interpretation of isolated 

biomechanical parameters is also common in science, in spite of the recognition of several 

researchers that running styles cannot be described based on a single parameter 46,62,63. The 

effectiveness of feedback or studies based on isolated parameters should therefore be 

reconsidered.  

In this review, we define a running style as a visually distinguishable movement 

pattern of a runner. It is likely that such a running style can be characterised by a set of 

parameters. Yet, the key parameters required to characterise the full spectrum of running 

styles remain to be determined. Identification of the minimal set of parameters and 

reaching consensus on their interpretation would help to clarify the existing literature on 

running biomechanics and facilitate future studies and feedback applications to design 

targeted interventions to improve running performance or reduce injury risk.  

Therefore, this synthetic review aims to identify the (minimal) set of parameters that 

lead to a concise, yet, comprehensive description of the full spectrum of running styles. To 

this end, the interdependency between the parameters and their relationship with speed 

will be studied. Since the goal of locomotion is to transport the BCoM, we expect that 

fundamental differences between running styles will be apparent in the BCoM trajectory. 

In running, most of the body’s movements occur in the sagittal plane. This is reflected by 

the relatively high force amplitudes in the vertical and the horizontal direction compared 

to the medio-lateral direction 171,172. Likewise, energy expenditure in running is 

predominately determined by movements in the sagittal plane. Arellano and Kram 173 have  
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estimated that runners use 80% of the net metabolic cost for bodyweight support and 

forward propulsion, 7% for leg swing, and only 2% for sideward balance control, leaving 

11% of the variance unexplained. Therefore, we believe it is safe to assume that differences 

in running styles will be apparent in the sagittal plane trajectory of the BCoM. Reasonably 

accurate predictions of the BCoM trajectory in walking, hopping and running have been 

made using the spring-mass model 49,174,175. According to this model, which is in essence a 

mass on a weightless pogo Stick (the spring leg), the runner’s mass, leg length and velocity 

determine the bouncing trajectory of the BCoM 175–177. The spring-mass model and its 

assumptions are therefore discussed in detail later in this review to explain biomechanical 

interdependencies as well as the relevance of specific spatiotemporal parameters.  

The approximately sinusoidal BCoM trajectory in the sagittal plane is characterised 

by the frequency of movement, vertical displacement during the stance and flight phase, 

and the landing/take-off asymmetry (Figure 6.1). These characteristics can be predicted 

from commonly used spatiotemporal parameters, including step frequency (SF), step 

length (SL), stance time (tstance), flight time (tstance), and vertical displacement (VDstep). The 

characteristics of the BCoM and the associated spatiotemporal parameters will be 

discussed systematically in this review to identify the key parameters to describe a running 

 

Figure 6.1 a) Hierarchical breakdown of the three levels and their subphases in relation to 
running speed. In panel b), a visualisation of each level. On the first level, the balance between 
step frequency and step length to determine movement speed. On the second level, the 
subdivision of a step into stance and flight phase, which further specifies the timing, horizontal 
distance and vertical displacement per phase. On the third level, the ratio between braking 
and propulsion phase. The ratios between the subphases at each level, together characterise 
the sinusoidal body centre of mass trajectory (BCoM). This review is structured accordingly.  
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style. The BCoM movements result from forces exerted on the ground, which in turn result 

from joint moments in limbs and trunk (Figure 6.2). Consequently, spatiotemporal 

parameters, limb and trunk kinetics and ground reaction forces are interrelated 

mechanically. To provide a full overview, we subsequently discuss the relationship 

between limb and trunk kinematics and the spatiotemporal parameters. Ultimately, these 

discussions will culminate in a Dual-axis framework, which characterises different 

running styles based on the identified key parameters. 
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Figure 6.2. Overview of the parameters discussed in this review. The BCoM trajectory in place 
(panel a) or time (panel b) results from the ground reaction force (GRF, panel c) following from 
joint moments in limbs and trunk (panel d). Consequently, the spatiotemporal parameters, 
limb and trunk kinetics and ground reaction forces are interrelated mechanically. The 
landing/take-off asymmetry can be assessed by dividing the stance phase in a braking phase 
and a propulsion phase using the sign change of the horizontal GRF (GRFx). Typically, for 
speeds below 20 km/h, tbrake<tprop and take-off height>touch-down height as depicted with -y 
and +y. Based the vertical GRF (GRFy) the effective stance time can be determined. As visualised 
in panel c, the effective stance time is defined by the time where the GRFy exceeds the GRFy 
required to support the body weight (Fy,BW). 
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Step frequency and step length 

Between running styles, SF varies. SF can be readily observed and measured, and 

research has shown that runners can voluntarily modify SF at a given speed 166. SF 

modification relates to the kinematics and kinetics of the runner. Therefore, many 

scientists and practitioners measure SF to assess running style. Running speed is the 

product of SF and SL, implying that if running speed is held constant, SL and SF are 

inversely related (Figure 6.3, Appendix eq. 1). To undercut suggestions that either SF or 

SL can be changed independently at a given speed, it might be clearer to consider the 

relation between SF and SL as a ratio (SL/SF) that varies with speed. SF is simply a 

conversion of step time and can be calculated with SF = 60 / (tstance + tflight) (Appendix, eq. 

 

Figure 6.3. Parameter changes across running speeds. Panel a): step length (--, SL, in meters) 
and step frequency ( : , SF, in steps per minute). Panel b): Duty Factor (—, DF), stance time (--, 
tstance), flight time (tflight) in seconds. Panel c): Measured vertical displacement (—, VDstep) divided 
in calculated vertical displacement during stance phase (--, VDstance) in cm (see Appendix, eq. 
19) resulting in vertical displacement during flight phase ( : , VDflight = VDstep – VDstance). The 
relations presented are based on data (captured with a Garmin Forerunner 620) derived from 
470 training sessions of an experienced endurance runner (5km in 00:16:20) 178. 
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2, 3). In words, SF is affected directly by changes in tstance and tflight. Since any change in GRF 

orientation or amplitude is likely to affect tstance or tflight, it can be expected that most, if not 

all, parameters directly or indirectly affect the SL/SF ratio. 

Runners are commonly advised to run at 180 steps per minute (e.g. Daniels, 2013). 

This advice supposes that SF should be consistent across running speeds and individuals. 

Other common assumptions are that better runners run with higher SF’s and that running 

with higher SF’s reduces injury risk 40,117. However, evidence to support these assumptions 

is equivocal. The assumption that SF is constant across running speeds seems to be invalid 

given that numerous studies have shown that both SL and SF have a positive curvilinear 

relationship with speed 51,95,96,121,122,158,178–180. SL increases more rapidly at speeds below ~20 

km/h and SF increases more rapidly at speeds above ~20 km/h (Figure 6.3a). The 

flattening of the SL curve at a certain speed may suggest that SL limits a further increase 

in speed. For speeds up to 25 km/h, the ankle plantar flexors, soleus and gastrocnemius 

contribute greatly to vertical forces and thus the increase in SL 181. At speeds above 25 km/h, 

the strategy shifts to bringing the swing leg quickly forward using the hip musculature, 

iliopsoas, gluteus maximus and hamstrings to increase SF further 181. An early shift towards 

high SF at relatively low speeds may indicate an inability of the runner to generate power 

with (or via) the calf muscles and the runner would then be more reliant on hip 

musculature. Hence, the shift in SL/SF ratio across running speeds may reveal individual 

limitations and strengths. Note that such differences may only be revealed when the 

individuals in question are challenged to run at high speeds.  

Once corrected for speed, individual differences in the SL/SF ratio still exist. 

Individual characteristics such as leg length, body mass and age have been shown to partly 

explain individual differences in SF’s 178. Evidence for SF differences related to performance 

levels is mixed. Remarkably high SF’s have been found in highly trained runners (193 spm, 

17.5 km/h) compared to well trained (181 spm, 17.9 km/h) and untrained runners (178 spm, 

16.7 km/h) 182. However, Preece et al. 183 did not find significant differences in SF’s between 

high performance and recreational runners after having corrected SF for leg length (11.9-

20.2 km/h). Also, in training data of 256 runners, performance and years of experience did 

not contribute significantly to the prediction of SF, in contrast to (estimated) leg length, 

body mass and age 178. Several studies reported even lower SF’s in faster runners (8-20 

km/h) 184 and lower SF’s in elite marathon runners (161-165 spm, 14-18 km/h) compared to 
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amateur runners (170-177 spm) 122. Together these results suggest that more experienced 

and faster runners are just as likely, if not more so, to run with lower SF’s instead of higher 

SF’s.  

The relationship between SF and injury incidence is indirect. Several authors have 

found an association between SF and potential injury-related kinetic variables such as 

impact forces, high tibial accelerations or high joint forces (e.g. 40,41,45,149,185. However, only 

one study found a direct relationship between SF and injury risk 186. While in a recent large-

scale study, injury history, experience and performance were not associated with SF at 

given speeds 178.  

Several studies have shown that both high and low imposed SF’s increase the 

(aerobic) energy cost estimated with gas exchange equipment and heart rate monitors 47–

52,140,187,188. Most runners seem to self-optimise the SL/SF ratio 187, except for novice runners 
47,140 and some experienced runners 47. Based on the current literature, it is safe to assume 

that runners with sufficient running experience mostly have adopted a running style with 

low energy consumption through a process of self-optimisation 48,52,164,178. The higher energy 

consumption with imposed high SF can be explained by the higher costs to move the limbs 

(e.g., internal work) 53, whereas low SF may increase the work done to move the BCoM 

(e.g. external work). Cavagna et al. 144 suggested that SF at a given speed is chosen as a 

compromise between minimising average power over the step (high SF) and the average 

power over the positive work phase (propulsion-average power) (large SL). On this 

account, the average power would be limited by the oxygen uptake or aerobic power, while 

the propulsion-average power would be limited by the anaerobic capacity. In practice, this 

demarcation between internal and external work is accompanied by uncertainties, since 

part of the work done to move the limbs can be (re)used to move the BCoM 189. The 

possibility to transfer the energy of previously initiated limb movements (kinetic and 

potential energy) between subsequent phases implies that high or low SL/SF ratios may 

not necessarily indicate inefficiency. Since both high and low SF’s resulted in an increased 

aerobic energy consumption, the limits may not only be determined by the aerobic and 

anaerobic power production, but the efficiency at a certain SL/SF ratio may also depend on 

the individuals’ ability to store and reuse the energy that is not directly used to propel the 

BCoM. Individual preferences may thus depend on the reuse of work done to move the 
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limbs and the efficiency with which the runner can generate propulsive bursts during the 

short tstance.  

Theoretically the SL/SF ratio reflects the proportion of the work done to move the 

limbs relative to the work done to accelerate the BCoM directly and provides crucial 

information about the BCoM trajectory. To interpret the SL/SF ratio, running speed should 

be taken into account. Moreover, the shift in SL/SF ratio with speed may reveal individual 

limitations or strengths. Even though experienced runners are likely to have energetically 

optimised their SL/SF ratio, differences in running styles between experienced runners still 

exist. The SL/SF ratio has limitations when it comes to describing the running style. 

Imagine two runners of similar stature running at the same speed with the same SF. Both 

can have distinctive running styles in that one may be running with a short tstance + long 

tflight, and the other may be running with a long tstance + short tflight. We can conclude that the 

SL/SF ratio by itself is insufficient to fully describe a running style, and additional 

parameters are thus required. The possible variations in the ratios between tstance and tflight 

may explain the mixed and scarce evidence for a direct relationship between SF and injury 

incidence, performance and experience.  

Stance phase and flight phase 

Once the SL/SF ratio has been defined, a logical next step in characterising the 

sinusoidal BCoM trajectory is to determine the vertical position around which the BCoM 

oscillates (Figure 6.1 and 6.2). This can be accomplished by subdividing one step into a 

stance and a flight phase. These phases split the step horizontally, along the time axis, into 

tstance and tflight and vertically, along a distance axis, into VDstance and VDflight. The ratio between 

the stance and flight phase allows estimating vertical stiffness (Appendix, eq. 16-23).  

Stance time 

The time component tstance is in itself relevant since a runner can only produce forces 

to propel the BCoM during the stance phase. For running speeds between 8 to 20 km/h, 

tstance has a strong negative curvilinear relation with speed with values typically ranging 

between 0.34 to 0.18 seconds 86,95,96,100,181,184,190–197 (Figure 6.3). Due to the reduction in tstance 

with increasing speed, the GRF curves are compressed along the time axis, with increased 

force amplitudes to attain a sufficient impulse to maintain speed (I =   ∫(F∆t)) 95,96,171,181,195. 

Weyand et al. 198 concluded that running speed is limited by the ability to generate the 
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forces required to attain the running speed during a short tstance, not by the maximum force 

that the runner can exert on the ground. If a runner’s force production is limited, as 

Weyand et al. 96,198 suggested, then tstance should be regarded mainly as a consequence of 

running speed where the horizontal velocity of the BCoM above the ground limits tstance. 

Especially in attaining sprinting speeds (~25 km/h), the ability to generate forces during 

short stance times seems to be the limiting factor.  

Nummela et al. 95 stated that the ability of fast force production is essential for both 

running economy and attaining high maximal speeds, and that tstance is the only factor 

directly related to both running economy and maximal running speed. In conformation of 

this claim, it was found that experienced sprinters have shorter tstance than less experienced 

runners while running at the same speeds 86,195,199. However, within an 8-20 km/h speed 

range tstance did not yield significant differences between runners of different performance 

levels 163,183,184. Interestingly, these studies found significant differences in tflight and effective 

tstance. The term ‘effective’ in this context refers to the part under the GRF curve where the 

vertical GRF exceeds the force required to support the body weight (Figure 6.2). Overall, 

it seems that tstance is relatively constant across performance levels up to speeds of 20 km/h, 

while individual differences in tstance may be observed at higher speeds, possibly due to the 

inability of lesser runners to generate high braking and propulsive forces within a short 

time.  

Consistent with the findings of Nummela et al. 95, also other studies showed that 

shorter tstance corresponded to a better running economy in mixed groups of runners 46,200. 

One study even found a high correlation between tstance and running economy in a group of 

elite female runners, but in this study the effects of speed were ignored, which obscures 

the interpretation of this result 201. In contrast, within a group of elite runners, no 

differences in tstance were found despite differences in running economy 202. Within a group 

of habitual runners running at 14 km/h, longer tstance was even associated with a better 

running economy 203. These mixed results with regard to the relation between tstance and 

running economy may reflect individual differences in muscular properties.  

There are only a limited number of studies in which tstance is corrected for body size. 

Yet, the relation of leg length with the time component tstance is not difficult to understand. 

At a given (horizontal) speed, tstance can be derived from the horizontal distance covered by 

the BCoM during the stance phase (tstance = dstance · vx, Appendix, eq. 6). Imagine a long-
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legged runner with the same hip angle at touch-down and take-off as a short-legged 

runner. At the same speed, the horizontal distance covered by the BCoM distance during 

the stance phase of the long-legged runner will be larger and tstance will be longer than in 

the short-legged runner 204. Since this relationship between leg length and tstance is linear, 

tstance can be expressed as a ratio of leg length (L0/ tstance). Alternatively, Chapman et al. 86 

normalised tstance to standing height instead of using leg length. Preece et al. 183 used the 

conventions provided by Hof 205, which entail dividing tstance by √(L0/g) (Appendix, eq. 10). 

Both methods allow interindividual comparisons with regard to running style, but the 

method of Hof 205 might be more correct from a mechanical point of view. Note that, for a 

given speed and after correction for leg length, the residual interindividual variation in 

tstance is relatively small and possibly hard to quantify or modify voluntarily.  

Flight time 

Some runners seem to hardly touch the ground, while others appear to have difficulty 

to become airborne. Indeed, marked differences exist in the time component tflight between 

runners. For example, high-performance runners distinguish themselves from recreational 

runners by having longer tflight at given speeds 122,183,184,206. Chapman et al. 86 found shorter 

tflight in female than male runners. The same was found by Barnes et al. 207, who also found 

a strong correlation between tflight and running economy in female runners, but not in male 

runners. Age may play a role as well, given that older runners have shorter tflight than 

younger runners at given speeds 162,208. Overall, there seems to be consensus that differences 

between runners (performance, gender and age) are reflected in tflight.  

The manner in which tflight increases with running speed is described by a positive 

curvilinear relationship (Figure 6.3) 190,191,193,197. Typically, tflight ranges between ~100 to 150 

ms. Within 7 to 20 km/h, tflight is shorter than tstance. At high speeds, tflight seems to reach a 

maximum 95,96,181,184,192,193,209. In consequence, since tstance decreases as a function of speed, tflight 

exceeds tstance at ‘sprint’ speeds around ~25 km/h 
96,210.  

Once the runner is off the ground, the body behaves like a ballistic object. 

Accordingly, due to the gravitational force, the BCoM describes a parabolic trajectory 211. 

Therefore, common laws of ballistic motion can be applied to estimate the vertical and 

horizontal displacement (VDflight and SL) during the flight phase when tflight is known 

(Appendix, eq. 11-15). Given a constant gravitational acceleration and assuming a 
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constant force due to air resistance, the distance covered during the flight phase (dflight) 

depends on the take-off angle (qoff), the velocity at take-off, and the BCoM height at take-

off relative to the height at touch-down 211–213. Practically, this implies that surface 

inclination and air resistance would influence tflight at least to some degree 122. 

For a given speed, tflight depends predominantly on the take-off angle. Optimisation 

of the take-off angle would result in a maximal flight distance. Take-off angle might be 

even more informative than tflight as it both provides information on horizontal and vertical 

displacement. Take-off angles have been calculated for sprint running 213,214 and the long 

jump 215. Unfortunately, studies focusing on take-off (or touch-down) angles during 

constant speed running are scarce. As far as we know, only one study calculated a ‘stride 

angle’ and found a strong correlation between this stride angle and running economy 202. It 

should be noted that since the angle was calculated as the arctangent from step length and 

height (g∙tswing∙2/8, Appendix, eq. 14), it seems more appropriate to label it as ‘step angle’. 

Also, Garmin ® sports watches provide a metric that reflects a push-off angle called 

vertical ratio 58. The vertical ratio is calculated by the ratio of VDstep and SL (Appendix, eq. 

15). Theoretically, take-off angles, leg angles at toe-off or push-angles could provide 

insight into the vertical and horizontal displacement, but as said, empirical studies 

measuring take-off and touch-down angles are rare.  

The interindividual differences in tflight and its associations with performance, RE, 

gender and age indicate that tflight reveals essential information about running styles. A 

longer tflight gives the runner time to move the legs forward, which reduces energy 

consumption required for leg movements (internal work), especially at high constant 

running speeds. In order to bring about a flight phase, the runner needs to generate a force 

that at least exceeds the force required to support body weight. The flight phase therefore 

reflects the runner’s ability to generate power during the relatively short tstance. However, 

without insight into the forward displacement, a runner might as well be jumping in place. 

When SL and tflight are analysed together, it becomes more likely that different running 

styles can be distinguished.  

Vertical displacement 

The BCoM of a runner oscillates within a range of approximately 6 to 10 cm (da Rosa 

et al., 2019; Gullstrand et al., 2009; Halvorsen, 2012). Imagine a runner who is running with 
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170 steps per minute. After one hour this runner might have displaced his or her BCoM 

vertically by 1020 m. It is sometimes suggested that vertical displacement over a step 

(VDstep) should be minimised to avoid unnecessary work against gravity 88. Indeed, running 

with exaggerated VDstep resulted in increased energy cost 216. However, a runner can reuse 

part of the potential and kinetic energy gained during the flight phase in the subsequent 

landing 217. To this end, energy is absorbed during the braking phase and returned during 

the propulsion phase, which requires a certain VDstance. Furthermore, the vertical 

displacement during the flight phase (VDflight) reduces the (internal) work needed to bring 

the leg forward. When SF increases, VDstep typically decreases 182,218. The resultant VDstep is 

therefore not straightforward to interpret, and a runner cannot simply minimise VDstep as 

is sometimes suggested 219.  

It is well known that the BCoM does not oscillate symmetrically around an 

equilibrium point. Further subdivision of VDstep into vertical displacement during stance 

(VDstance) and flight phases (VDflight) is therefore necessary 184,220,221. Over a range of speeds, 

approximately 2/3rd of the VDstep occurs during tstance and 1/3rd during tflight 
184. The 

VDstance/VDflight ratio is relatively stable, but not constant over speeds. At low running speeds 

(~7-12 km/h), tflight increases more than tstance 163,190,197 and VDflight accordingly increases more 

than VDstance 162,182,184,220,221. VDstep decreases thereafter between ~12 and 22 km/h, due to the 

rapid increase of SF relative to the SL 182,218. As a result, VDstance and VDflight combined reach a 

maximum VDstep between 10 to 15 km/h 
86,95,184 (Figure 6.3). Correspondingly, the vertical 

GRF has an inverted U-shaped relationship with running speed 96,222. Also, the energy cost 

has an inverted U-shaped relationship with running speed, where the most economical 

running speed was found at around 13 km/h 
62,197. It is conceivable that there is a direct 

association between VDstep and running economy that stems from the balance between 

internal and external work. In that case, VDstep could for example be used to determine the 

optimal marathon tempo and therefore a better understanding of VDstep may result in some 

practical applications. In any case, it is clear that conclusions regarding VDstep depend on 

the speed range measured, which explains some of the discrepancies in literature on this 

topic. Furthermore, it is important for the interpretation of VDstep to realise that substantial 

individual differences in the VDstep–speed relationship can be expected since the speed at 

which VDstep reaches its maximum depends on both the VDflight and VDstep. 
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VDstep in walking and running is the result of several interacting mechanisms, which 

are explained by the spring-mass model and elaborations thereof. To what extent the 

mechanisms play a role in the resultant VDstep strongly depends on running speed (Figure 

6.4) and running style 223. VDflight is relatively straightforward to understand since it results 

from the take-off angle and take-off velocity as discussed previously for tflight. VDflight results 

from the force generated during the stance phase and therefore relates to VDstance. There are 

two mechanisms that explain VDstance changes with speed. The inverted pendulum principle 

(Figure 6.4a) predicts that the BCoM reaches a maximum height at midstance. This 

geometrical increase of VDstance plays an essential role in walking 223, but in running the 

 

Figure 6.4. The effects of various spring-mass model mechanisms on the vertical 
displacement during the stance phase (VDstance). The contribution of the mechanisms (a-e) to 
the resultant VDstance (vertical red bars) is speed dependent and varies between individuals. 
a) The inverted pendulum model predicts that the BCoM will elevate during the stance phase. 
This elevation is relatively large with longer stance times (tstance) as common at lower speeds.  
b) Typically, with longer tstance the CoP translates from heel to toe (red dots). Such CoP 
translation affects the leg compliance and has been found to contribute to a reduction of 
VDstance. c) The vertical spring stiffness (Kvert) predicts that the leg-spring is loaded during 
stance phase and the BCoM is lowered during stance. d) The spring-loaded inverted 
pendulum model (SLIP model) consisting of a combination of a and b. Changes in the leg 
angle due to speed are taken into account, which allows the calculation of leg stiffness (Kleg). 
The spring-leg is commonly defined by a straight line between the centre of pressure (CoP) 
and the BCoM. Alternatively, bony landmarks (for example the ankle joint to trochanter 
major) have been used to define the spring-leg. Due to differences in, amongst others, the 
touch-down angle (qdown) and take-off angle (qoff), the landing take/off does not occur 
symmetrically, resulting in a lower BCoM at the end of the stance phase. e) The flight phase 
increases VDflight. While leg retraction in the final flight phase increases the height of BCOM 
at landing.  
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BCoM reaches its lowest point halfway the stance phase and its highest point during the 

flight phase, which can be explained by adding spring properties to the model (Figure 

6.4b) 175. The combination of the inverted pendulum model and the vertical spring model 

is called the spring-loaded inverted pendulum (or SLIP) model. The two mechanisms as 

combined in the SLIP model have opposite effects on VDstance. Other mechanisms play a role 

as well. For example, in one model it was shown that the translation of the CoP under the 

foot reduces VDstep when leg stiffness is not adjusted accordingly 224. Additional effects in 

vertical displacement can be expected from the BCoM landing-take-off height difference 
220, partly effected by the effect of leg retraction, that is, the backward rotation of the swing 

leg before initial contact (e.g. 225–227. Leg retraction is likely to affect the BCoM height at 

initial contact (Figure 6.4c), the duration of tstance and the (related) leg stiffness.  

Lumping the effects of the inverted pendulum, the spring loading and the flight 

phase on vertical displacement together in a single parameter (VDstep) renders its 

interpretation, let alone its manipulation 212,219,228, rather complicated. Since vertical 

displacement in running is partly explained by the spring properties of the leg, further 

insight into stiffness is required to further clarify the interpretation of vertical 

displacement. 

Vertical stiffness 

The spring properties of the muscle tendon complex are believed to play a crucial 

role in the efficiency of running compared to walking. Therefore, the mechanics of the 

stance leg are modelled as a spring. In general terms, a linear spring with a constant 

stiffness (k) will produce a force (F) proportional to the displacement (y) from its 

equilibrium length, which is known as Hooke’s law (-F = y  ∙ k, noopqrst, pu. vw).  

It should be realised that in practice, it is difficult to distinguish cause and effect of 

the variables in the linear spring model, especially when geometrical effects are taken into 

account. To explain this further, a long tstance will geometrically result in a large excursion 

of the inverted pendulum (Figure 6.4a). In addition, a long tstance will, most likely, 

correspond to a lower GRF when impulse is maintained. For a long tstance the lower GRF and 

increased (upward) excursion of the inverted pendulum would result in a low VDstance if we 

assume that the stiffness (k) is kept constant. The expected lower vertical component of 

the GRF would thereby result in a reduced VDflight. A long tstance in combination with a short 
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tflight will therefore result in a low vertical displacement. There seems to be consensus that 

better runners run with a relatively short tstance and long tflight 183,184,206. To generate sufficient 

force for a flight phase it is necessary to ‘compress’ the leg spring. Therefore, it is possible 

to observe more VDstance in better runners. If leg stiffness would be increased a lower VDstance 

would be necessary to generate the same force. However, a higher leg stiffness during 

running would also shorten tstance, thereby resulting in opposing effects on VDstance due to 

less excursion of the inverted pendulum and a lower GRF. Overall, if we take speed into 

account it seems that VDstep in better runners is more likely to be high compared to less 

proficient runners. Any generic suggestions to minimise VDstep are therefore dubious, in 

spite of the common assumption that VDstep should be minimised.  

In accordance with the general linear spring formula two conventions provide the 

basis for commonly used spring-mass models to calculate stiffness: vertical stiffness (Kvert) 

and leg stiffness (Kleg) 229. Vertical stiffness is defined as the ratio of maximal force to VDstance, 

(KL45D =  FF?!/VD9D?@:4 , Appendix, eq. 21) 49,229,230. Leg stiffness is defined as the ratio of 

the maximal force to the maximum leg compression during the stance phase (KB4C =

FF?!/ ΔL, Appendix, eq. 18, 22, 23) 49. KL45D changes substantially with running speed 

since the leg angle of attack (Figure 6.4d, qdown) is speed dependent. To overcome this 

problem, KB4C corrects for the speed dependency by taking changes in effective leg length 

ΔL into account. Where leg length is commonly defined as the distance between the centre 

of pressure and the BCoM (see caption Figure 6.4 for further details). To estimate ΔL the 

horizontal distance between BCoM and the point of initial contact are used (dMN6O$,: =

v! ∙  t9D?@:4/2, Appendix, eq. 8). Notice that this correction takes the inverted pendulum 

principle into account. With this correction KB4C is relatively stable across speeds 105,176,206. 

The difference between KL45D and KB4C underscores the difference between stiffness when 

hopping in place and stiffness during forward motion. For the estimation of the effective 

leg length in the KB4C models there are additional issues to consider as noticed under the 

paragraph Vertical displacement. The leg is placed under a steeper (closer to 90o) angle 

with the surface at initial contact relative to take-off 214,231 and the knee bends at initial 

contact 232. The effective leg length is further affected by the excursion of the CoP under 

the foot 105,224. Also, the CoP excursion and the effective leg length may change when 

runners tend to land more on the fore-foot at higher speeds 233–235. Lastly, pendulum effects 

of the segmented swing-leg on stiffness should be considered 231,236–238. Together, this would 
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result in a complex model to estimate leg stiffness. As far as we know, these issues have 

not been incorporated into a single model to be tested across a range of speeds in various 

running styles. Nevertheless, faster runners seem to have higher vertical stiffness 184,206,207. 

In line with these results, experienced sprinters had less knee flexion during the stance 

phase and a shorter tstance compared to middle- and long-distance runners at speeds from 

11 to 21 km/h 
199.  

The calculations for stiffness strongly depend on the ratio between tstance and tflight. In 

addition, body mass, gravitational acceleration, leg length and running speed are taken 

into account 230. Likewise, Duty factor (DF) is calculated as the ratio of tstance over stride time 

(DF  =  t9D?@:4	/	(2 ∙ (t9D?@:4 + t=B,CED)	), Appendix, eq. 16) 196,239–241 and therefore DF carries 

similar information as the stiffness models. DF is a convenient measure to (visually) 

identify running styles as a short tstance with long tflight can be visually verified by an 

observer. DF is further suitable for making interindividual comparisons as it is a 

dimensionless ratio, and does not rely on many assumptions. In walking, the stance phase 

is longer than half the stride time, and thus the DF exceeds 0.5. In running, the DF 

decreases nonlinearly from 0.45 at very low running speeds to 0.28 at ~22 km/h 
196. For 

running speeds up to ~25 km/h the relation tflight < tstance holds 86,95,96,163,181,190,192,193,197,209,242. A too 

low DF can be uneconomical given the high muscle activation during short tstance, and a 

high DF may indicate wasteful mechanical work due to braking-propulsion accelerations 
243. For a constant mechanical spring, tstance would equal tflight. In practice, tstance is not equal 

to tflight due to varying muscular forces during the stance phase. Therefore, a more 

‘symmetrical rebound’, in which tstance is closer to tflight, is believed to indicate better usage 

of elastic properties of the muscular-tendon complex 220,244. Consistent with this belief, 

better runners have shorter tstance and longer tflight compared to less proficient runners 
46,184,190,245. Folland et al. 46 found that DF, a minimal horizontal pelvis velocity (braking), 

shank touch-down angle, and trunk forward lean explained 31% of the variability in 

season-best times. In the same study, running economy was for 39% explained by VDstance 

normalised to body height, minimum knee flexion during ground contact, and minimum 

horizontal pelvis velocity 46. Note that DF did not contribute significantly to the regression 

model for running economy. However, minimum knee flexion and VDstance provide 

information about vertical stiffness, just as DF does. 
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In sum, VDstep is an accessible parameter that is used in feedback applications and 

scientific studies, but is difficult to interpret given that opposing effects are lumped into a 

single parameter. Instead, the ratio between vertical displacement during the stance phase 

and the flight phase provides insight into the runner’s ability to exploit elastic properties 

during running. To this end, stiffness parameters can be used. In order to categorise 

running styles with corresponding motions, the DF may be even be more straightforward. 

However, DF alone is not sufficient to distinguish two runners with the same stature that 

run in a different fashion, because both a short tstance + short tflight and a long tstance + long 

tflight could theoretically result in the same DF. Therefore, additional information about 

forward displacement is required, which can be provided by SF (or SL) at a given speed.  

Landing/take-off asymmetry 

Up to this point, we have assumed that the BCoM follows a symmetrical sinusoidal 

path during the stance phase, similar to a frictionless bouncing ball. However, it is known 

that due to varying muscle activation, the landing/take-off does not necessarily occur 

symmetrically in human running. The landing/take-off asymmetry may therefore provide 

additional information about variations in running styles. To this end, the stance phase is 

subdivided into a braking (tbrake) and a propulsion phase (tprop) based on the sign change of 

the horizontal GRF component (Figure 6.1 ,6.2). For a constant stiffness spring absolute 

Fbrake equals Fprop and tbrake
 equals tprop. Assuming that the geometrical aspects remain 

constant, a change in the tbrake/tprop ratio would imply that the runner changes the spring 

properties of the leg by means of muscle activation. Just like when tstance and tflight were 

equal as previously discussed, a more symmetrical landing/take-off may indicate that the 

runner is making more use of the elastic ‘spring’ properties of the muscle-tendon 

complexes 220,244. Since the impulse vectors during landing and take-off are oblique to the 

surface, a landing/take-off asymmetry could be apparent in the horizontal and vertical 

GRF amplitudes, or in the timing variables (tbrake vs tprop).  

When a runner accelerates, the propulsion impulse exceeds the braking impulse 246. 

At constant speed, ignoring air drag and friction, the braking impulse and propulsion 

impulse cancel each other out, resulting in a zero-net change of the horizontal velocity 244, 

i.e., ∆I = ∫ (−Fx,brake∙ tbrake)  + ∫ (Fx,prop∙ tprop) = 0 (Appendix, eq. 24). In constant speed 

running up to ~14 km/h, tbrake < tprop. The average GRF during propulsion is thus lower than 
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during braking at these speeds, which is compensated by a longer tprop. At higher speeds, 

tbrake approaches tprop, mostly because tprop becomes shorter 184,220,244. The horizontal force and 

time are therefore coupled in constant speed running. For example, reducing tbrake will 

coincide with an increased amplitude of F|x,brake . Alternatively, a runner with a large 

F|!,V5?I4  
and without changes in tbrake will require a larger propulsion impulse to maintain a 

constant speed. The landing-take-off asymmetry is more pronounced in older than 

younger runners 162,244 with a longer tprop in older runners and consequently longer tstance 
162,208,247. In accordance with the asymmetry in timing, the leg angle at push-off is steeper 

(inside angle) than at touch-down angle (Figure 6.4c), and the BCoM height at take-off 

is higher compared to touch-down height 162,244. Maykranz et al. 231 were able to mimic the 

asymmetry of human running by introducing the foot segment with an ankle extension 

into the SLIP model. The ankle extension resulted in a change of effective leg length, which 

partly explains the landing/take-off asymmetry. Potentially, the long tprop in older runners 

compensates for a reduced force-generating potential and diminished elasticity of the 

muscle-tendon complex and can be regarded as a useful strategy to cope with individual 

limitations. However, da Rosa et al. 184 found no significant differences in tbrake and tprop 

between two groups divided by 3000 m performances suggesting that tbrake and tprop are not 

sensitive to discriminate between running performances.  

The landing/take-off asymmetry should be visible in GRF traces. Instantaneous 

changes in GRF may change braking and propulsion impulse and contribute to 

 

Figure 6.5. Examples of variations in GRF curves, the vertical GRF in orange and the 
horizontal GRF in blue. The dotted lines represent uncertainty. a) During downhill running 
and the step before a hurdle, the braking impulse vector becomes oriented more 
horizontally while the propulsion impulse vector becomes oriented more vertically (both 
visualised as grey to the black arrow). In contrast, during constant speed running the braking 
impulse should roughly equal the propulsion impulse; b) Increased tprop during low speeds 
and in older runners; c) Typical curve of rearfoot striking pattern; d) Typical curve of forefoot 
striking pattern; e) The first peak in sprint running and skewness towards early stance. Due 
to running with increased SF, the first vertical peak may not be apparent. 
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landing/take-off asymmetry. Many studies on GRF focus on foot strike patterns 

(rear/mid/forefoot) or shod versus barefoot running. Most studies have focused on the 

vertical component only. The prevailing view is that a rearfoot striking pattern creates a 

characteristic first peak in the GRFy 172,240,248. Studies have shown that at high SF (or short 

tstance) the amplitude of the initial peak in the GRFy was reduced 249,250. In some cases, the 

increased SF also resulted in skewing of the GRFy towards the first half of the stance phase 
49. However, similar impact peak forces were also found at high running speeds in the 

absence of a rearfoot strike pattern 195,198,237,251,252. Clark et al. 237 were able to accurately predict 

GRFy curves over a wide range of speeds for both rear- and fore-foot striking patterns. 

They concluded that sprinters attained faster top speeds than non-sprinters by applying 

greater vertical forces during the first half of the stance phase. These greater forces led to 

skewing of GRFy towards early stance that increased with speed 195,237. Similar instantaneous 

peaks and valleys as in GRFy during early stance are also observed in the GRFx traces 249,250,253. 

It seems that rearfoot 172,254 and forefoot strike patterns 249,250,253 can be recognised from the 

GRFx (Figure 6.5). Closer examination reveals that instantaneous changes are present in 

both GRFx and GRFy, which can be explained by changes in GRF orientation 172,254. 

Unfortunately, studies in which the horizontal and vertical GRF components are combined 

into a single vector are rare, which has been addressed previously as a limitation of the 

current literature 254–257. It is therefore difficult to draw strong conclusions on the need to 

define landing/take-off asymmetry to identify various running styles. Further research on 

the association between landing/take-off asymmetry and instantaneous GRF changes in 

relation to foot strike patterns and in fact whole-body kinematics is warranted.  

In conclusion, the vertical and horizontal GRF curves cannot be assumed to be 

symmetrical and the asymmetry is speed dependent. Therefore, without taking running 

speed into account, the duration of both tbrake and tprop, or GRFx in relation to GRFy, 

interpretations regarding injury risk or performance may not be valid. Therefore, high 

impact peak forces and steep slopes should not necessarily be interpreted as ‘wrong’ as 

some authors seem to imply 258,259. The landing/take-off asymmetry was more pronounced 

in older runners compared to younger runners, but not in groups divided by 3000-m 

performances. It should be noted that these studies yielded significant differences in tflight, 

tstance and SL 162,183,184. Presumably, inter-individual differences in landing/take-off 

asymmetry are, at least partly, reflected in other parameters. For example, it can be 



 Chapter 6 | Running styles from wearable data 
  

 113 

hypothesised that tprop relates with tflight. If so, landing/take-off asymmetry does not need 

to be measured in addition to the SF and DF to discriminate running styles. However, this 

issue should await further research to be decided. 

Limb and trunk kinematics 

The BCoM movements mechanically interrelate with limb and trunk kinematics. It is useful 

to understand the relationships between the BCoM movements and limb and trunk 

kinematics, because this may help to distinguish running styles and provide insight on 

why, where and how to make modifications in a running style. 

Leg configuration at initial contact 

The leg configuration at initial contact, which is characterised by hip, knee and ankle 

joint angles, determines the anterior foot placement distance relative to the BCoM (Figure 

6.6). The position of the CoP relative to the BCoM and hence the anterior foot placement 

distance is crucial for the effects of the GRF vector on the BCoM trajectory. Excessive 

anterior foot placement relative to the BCoM is commonly referred to as ‘overstriding’. A 

far anterior foot placement at initial contact results in higher braking impulses 40,260. The 

large moment arm of the GRF to the knee joint will force the knee into extension, or require 

high flexor moments around the knee 40,260. When the point of force application is located 

behind the ankle joint, the dorsiflexor muscles will be loaded eccentrically, potentially 

increasing the risk of tibial stress syndrome.  
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At higher speeds, the foot is placed more anterior 199. It is believed that the more 

anterior foot placement is most likely the result of hip flexion (Figure 6.6a-c) rather than 

knee extension (Figure 6.6a-b) 261. Accordingly, runners with larger SL (resulting in higher 

speeds) showed more hip flexion, but not more knee extension at initial contact 260. Better 

runners land less anterior to their BCoM despite their larger SL 183. Also, sprinters land less 

anterior relative to their BCoM than non-sprinters 199,262. Such larger SL’s are possible by 

increased flight times, giving the runner time to position his or her leg before landing. 

Therefore, large SL should not be confused with ‘overstriding’. Instead, ‘overstriding’ likely 

relates to a relatively long tstance as previously discussed and potential effects of speed 

should be considered. 

Less anterior foot placement (Figure 6.6a-b) can be achieved by leg retraction 

(rearward leg rotation) before initial contact. Leg retraction occurs mostly by rotation of 

the leg around the hip 261. As a result of leg retraction, the swing foot orients more normal-

to-the ground before initial contact, the hip/BCoM is higher at initial contact, and tstance is 

shortened. The leg retraction decreases the horizontal velocity difference of the foot 

relative to the surface (‘matching ground speed’) 211,263, which reduces impact impulses, 

prevents slipping 225 and improves stability 226,227,263. As a consequence, it is expected that 

leg retraction redirects the GRF vector more vertically during early stance and that the 

vertical impact peak shifts towards early stance as observed in experienced sprinters 195. 

According to Karssen et al. 226, on a predictable terrain (such as a road or track) the runner 

 

Figure 6.6. Geometrical relation for various leg configurations (a-e) and the horizontal distance 
between the hip and initial contact (length of the horizontal bars, dhip-ic). This anterior foot 
placement position at initial contact (dhip-ic) can be estimated from tstance at a given horizontal 
speed of the hip, or alternatively, the BCoM. These figures visualise that dhip-ic, and thus tstance, 
relate to hip and knee angles. The ankle angle (green wig) is kept constant in these figures and 
is expected to provide a relative limited contribution to the hip height and dhip-ic. Notice that 
runners with an average tstance are expected to have the most knee flexion at initial contact.  
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can adopt a running style with fast leg retraction to deal with impact losses, impact forces, 

the risk of slipping and (internal) stability. However, to cope with terrain irregularities 

other requirements are needed. On uneven terrain, the runner may adopt a running style 

optimised for disturbance rejection. Disturbance rejection is the ability to follow a given 

trajectory in spite of unexpected external forces 226. Their conclusions suggest that to 

control stability the leg retraction speed can be optimised to enhance robustness to 

internal (leg stiffness variations) or external disturbances (ground surface irregularities).  

Knee angle at initial contact can vary within a range of anterior foot placement 

positions and with a given hip angle (Figure 6.6c-d). Knee flexion angles at initial contact 

were found to correlate with the maximal knee flexion later in stance phase (r = 0.67) 264. 

Studies have shown that knee flexion during the stance phase reduces vertical peak leg 

acceleration and GRFy 261,264. Therefore, knee flexion might be regarded as a strategy to 

absorb the landing impact and might also help to improve disturbance rejection. The 

strategy to land with bent knees will load the quadriceps muscles eccentrically 265, which 

may induce muscle sourness when excessive knee flexion moments are present. Since 

knee flexion can be used to control the leg stiffness, it can be expected that knee flexion is 

speed dependent. However, evidence regarding knee flexion changes during the stance 

phase in relation to running speed is equivocal, with some studies indicating increased 

knee flexion during midstance 261,266 and others showing knee flexion to remain relatively 

stable across running speeds 199. 

Besides hip and knee angles, the runner can control ankle angles. As previously 

noted, foot strike patterns have drawn substantial scientific attention. However, it should 

be noted that the orientation of the foot mostly depends on the orientation of the lower 

leg. Ankle plantar or dorsal flexion will only contribute to a small extent to dhip-ic or hip 

height. Where dhip-ic is the anterior foot placement position at initial contact relative to the 

hip. Furthermore, the neuromuscular control occurs from proximal to distal 261, which 

makes striking patterns a consequence, rather than a cause of leg retraction. Therefore, 

despite the vast body of literature on foot strike patterns, we argue that foot strike patterns 

should not be regarded as a key feature of running styles.  

For leg stiffness, we have discussed how tstance is geometrically related to leg 

configuration (landing/take-off angle). Since also hip height depends on tstance, it is safe to 

assume that leg configurations relate (at least partly) to tstance. Furthermore, tflight will 
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change inversely proportional to tstance for a given SF. Therefore, it is safe to assume that 

based on the tstance/tflight ratio (or DF), SF and speed, predictions on leg configuration can be 

made. 

Trunk flexion-extension 

Another salient characteristic of an individual’s running style is the degree of 

forward, or backward trunk lean. Running with consistently increased trunk inclination is 

sometimes advocated as it results in higher SF and reduced VDstep 267. However, between 12 

km/h to 20 km/h, recreational runners show trunk inclinations ranging between 5o to 7.5o 
268, whereas, over the same speed range, elite runners maintain a smaller consistent 

thoracic inclination of around 3o 268. Accordingly, a more upright trunk posture appears to 

be correlated with better running performance 46. In addition, novice runners being in a 

fatigued state increased trunk peak flexion and decreased peak extension, resulting in an 

overall increase in trunk inclination 269,270. Santos et al. 271 instructed participants to run with 

exaggerated forward trunk lean angles (normal 9°, experiment 15°) and found that runners 

placed their foot more anterior at initial contact. In walking, exaggerated forward trunk 

lean led to a posterior shift of the hip relative to the BCoM, a steeper leg touchdown angle 

and a steeper leg toe-off angle 272. In sprinters too the trunk lean angle strongly correlated 

with the anterior foot placement position 214. In walking as well as sprint running, the 

forward trunk inclination was associated with a more forward-tilted GRF vector (more 

vertical during tbrake and more horizontal during the tprop) 246,272. By bringing the head, arms 

and trunk forward, a runner reduces the anterior BCoM position (according to an estimate 

by Santos by ~2–3 cm) relative to the CoP. It is possible that forward trunk lean plays a role 

in compensatory strategies to maintain anterior-posterior balance or to increase forward 

propulsion despite more anterior foot placement, but it is questionable if this should be 

advised.  

Within a step, the trunk flexes and extends. This dynamic trunk flexion-extension 

plays a role in compensating the angular momentum in the sagittal plane generated by the 

legs 273. However, the contralateral leg movement compensates most of the angular 

momentum and the trunk flexion-extension only partly compensates the angular 

momentum generated by the legs in the sagittal plane 273. During the stance phase, trunk 

flexion reaches its peak around midstance while extension occurs during propulsion 270,274. 
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During the flight phase the trunk flexion-extension range remains relatively small. The 

trunk flexion-extension may therefore predominantly affect the timing and redirection of 

the propulsion force. It can be hypothesised that high or late propulsive forces during late 

stance coincide with large trunk extension moments. The acceleration of the swing leg can 

also promote horizontal propulsion 113,236,275. Therefore, insufficient swing leg velocity may 

be associated with more trunk extension during late push-off. Perhaps larger trunk 

flexion-extension range and a longer tprop observed during acceleration and in fatigued 

runners, novice runners, and older runners may serve the same purpose: to maintain 

propulsion impulse without peak force generation.  

It is possible that increased consistent trunk inclination may result from a different 

movement strategy compared to a running style with increased dynamic trunk flexion-

extension moments. An increased trunk inclination seems to increase SF, whereas 

increased trunk flexion-extension moments rather seem an attempt to increase propulsive 

forces and are therefore more likely to stimulate SL instead of SF. However, a high SF may 

not only be associated with increased trunk inclination since a too upright trunk posture 

may also result in higher SF. For example, imagine what would happen if the push-off 

force would be directed more vertically. Based on these speculations regarding trunk 

posture, the association between running with increased trunk lean, an upright trunk 

posture and with exaggerated trunk flexion-extension with spatiotemporal parameters 

can be usefully investigated in future studies. Based on the studies discussed above, we 

expect trunk posture to be associated with vertical displacement, landing/take-off 

asymmetries and take-off angles.  

Body torsion and arm swing 

Notable differences in body rotation and arm swing can also be observed between 

runners. In running, the lower body (legs and lower trunk) and upper body (upper trunk, 

head and arms) rotate in opposite directions about the longitudinal axis, with opposite 

vertical angular momenta 171,273. The vertical angular momentum generated by the lower 

body needs to be compensated to prevent whole-body rotation resulting in a non-straight 

trajectory. In runners generating insufficient compensatory angular momentum using the 

upper body, longitudinal rotation of the upper body may be visible 276 with the hands 
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tending to cross the body’s midline 89. At higher running speeds, the more rapid leg 

movements increase the angular momentum of the lower body 171.  

The lower body angular momentum is the result of various (related) factors in the 

gait cycle.  

1) At initial ground contact, the braking force decelerates the hip relative to the midline, 

thereby creating a change in angular momentum 277. For a given GRF a larger step width, 

or a wider pelvis, will theoretically increase the change in angular momentum, which 

may partly account for individual differences. 

2) During the stance phase, the legs swing in the opposite direction constituting an 

angular momentum around the longitudinal axis 273. This angular momentum will be 

greater when the mass of the leg is further away from the hip, and when the velocity 

of the leg is higher.  

3) During late push-off, transverse plane pelvic rotation lengthens the step (‘pelvic step’), 

thereby increasing the angular momentum around the longitudinal axis 268,278.  

Given the effect of these factors, whole-body rotations, which are commonly seen in 

runners, are potentially the result of running styles with anterior placement, or emphasis 

on push-off (e.g. large propulsive force during late stance, or long tprop). Especially during 

the flight phase in the absence of free moments, the upper body including the arms 

provides the principal source for generating compensatory angular moments 273. The pelvic 

and thoracic contributions to total body angular momentum are relatively small since 

masses of these segments are distributed close to the longitudinal axis 273,278. More 

importantly, high accelerations of the arms cause substantial compensatory moments 171,276. 

Also, the downward acceleration of the pendular arm swing provides a small (less than 

10%), but meaningful contribution to the vertical GRF. In fact, despite the additional energy 

required to swing the arms back and forth, arm swing reduces the net metabolic (energy) 

cost of running 279. The role of the arms in generating compensatory moments becomes 

even more critical when the swing time decreases, as occurs at high running speeds 273.  

Besides compensation using the upper body, the runner can prevent whole-body 

rotation by generating a substantial exorotation moment around the hip at the stance-leg 

side. These, ‘free moments’ are transferred over the knee (most likely via passive tissues), 

which may explain why such free moments have been found to correlate with tibial stress 
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280,281 and knee injuries 282. Large free moments may also place a high demand on the rotator 

muscles of the hip. Reducing the net angular momentum about the vertical axis generating 

angular moments using the upper body may therefore help to reduce injury risk.  

The relationship between the spatiotemporal parameters and vertical angular 

moment is not straightforward, given the multiple potential causes for lower body rotation 

and various compensatory mechanisms. A longer tstance is associated with more anterior 

foot placement and thereby presumably results in larger braking forces. A longer tstance will 

also relate to more pelvic rotation. Furthermore, given the effects of the downward arm 

swing on the vertical GRF it possible that, especially at high running speeds, a short tflight 

may be indicative of an ineffective arm swing with potentially more upper body rotation. 

Therefore, runners with long tstance and short tflight are more likely to suffer large lower body 

angular moments or are unable to sufficiently compensate lower-body rotations with 

upper body angular moments.  

Leg swing 

The leg of a runner of 70 kg weighs around 12 kg 152. With SF somewhere between 160 

to 190 spm 178, the swing leg moves within 1/3th of a second from its most anterior to its 

most posterior position. Modica and Kram 283 estimated that swinging the legs requires 

∼20% of the net energy cost of running at 11 km/h. Later this estimation was adjusted to 

~7% due to synergistic movements to accomplish vertical body weight support, forward 

propulsion and leg swing 173,284. This adjustment highlights the effective contribution 

achieved by the swing leg kinematics and kinetics to both vertical and horizontal 

propulsive forces. One of the potential mechanisms explaining this efficiency is that the 

kinematic energy of the swing leg can be temporarily stored in elastic structures, such that 

it is not lost, but can be reused in subsequent movements. For example, Preece et al. 183 

found that, compared to less proficient runners, high-performance runners had more 

flexed knees during swing, but without differences in knee angles at initial contact. This 

finding suggests that high-performance runners have higher knee extension velocity 

during late swing. During late swing, the hamstrings absorb the kinetic energy, such that 

it reaches a maximum just before initial contact 285. The tension increase on the hamstrings 

can be regarded as a mechanism to reuse the kinetic energy of the swing leg, and 



Running Deciphered 

 120 

contributes to the subsequent leg retraction 286. With a potential downside of increased 

hamstring injury risk 287–290. 

A second mechanism to potentially improve the efficiency of the swing leg is by 

reducing its moment of inertia. Running with extended legs has been shown to hinder the 

hip flexors from propelling the leg quickly forward due to the associated changes in the 

moment of inertia of the swing leg 291. Accordingly, experiments with weights (up to 2 kg) 

distally placed on the legs and with heavy shoes showed that energy consumption is 

affected by the distribution of limb mass and resulted in lower SF’s 132,292–294. Since both legs 

move in phase, a faster leg swing will be associated with a shorter tstance of the contralateral 

leg. Therefore, in order to attain high running speeds, during which SF is high and tstance is 

short, it becomes critical to sufficiently flex the knee during the swing phase 171,189,295. 

The swing leg motion is often ignored in SLIP models as they essentially describe the 

course of one step (technically a half-cycle). Rashty et al. 238 showed that by modelling the 

pendular motion of the swing leg in the conventional SLIP model, the generated 

momentum of the swing leg induces sequential steps. Consequently, the forward motion 

becomes more stable, which led the authors to suggest that the swing leg may help to 

reduce muscular force provided by the stance leg 238. The swing leg reaches its highest 

forward acceleration during the stance phase of the contralateral leg (Figure 6.2d). 

Understandably, the leg swing contributes to the generation of propulsive forces 113,275. For 

example, an asymmetrical angular acceleration of body segments results in a forward-

oriented GRF. A high acceleration of the lead leg at the end of the propulsion phase may 

consequently orient the GRF more horizontally, resulting in a change in whole-body 

angular momentum and more effective propulsion 236.  

Runners with high SF and short tstance can be expected to have higher knee flexion 

during the swing phase. Notably, tstance can be shortened due to more leg retraction before 

initial contact or by reducing tprop. A long tprop may delay and reduce swing knee flexion, 

which increases the moment of inertia. During mid-swing, a faster leg swing will stimulate 

a shorter contralateral tstance and contribute to generate propulsive forces. A relatively long 

tflight may increase the time to flex the knee and retract the leg. All in all, we expect knee 

flexion to be reflected in the spatiotemporal parameters of interest.  
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The dual-axis framework 

The characteristics of the BCoM are used in this review to identify the key parameters that 

define running styles. To fully describe the spectrum of running styles we argue that it is 

required to cover at least the horizontal and vertical component of the BCoM trajectory. 

The SF (or SL) and stance/flight ratio at a given speed seem to provide the necessary 

information. Given the possibility to vary the stance/flight ratio at a given SF or vice versa, 

the isolated analysis of these key parameters may not convey an unambiguous image of a 

running style. In addition, as stipulated, these ratios are likely to explain part of the limb 

and trunk kinetics and kinematics. Given the speed-dependency of all parameters 

considered in this review, a running style should be defined at a given speed. As a guideline 

for identifying running styles and interpret biomechanical parameters in running we 

propose the use of the conceptual Dual-axis framework (Figure 6.7) as explained in detail 

in the next section.  

The vertical position in the Dual-axis framework is quantified by the tstance/tflight ratio. 

To prevent division by zero in the absence of a flight phase (as in walking), it is 

recommended to use the DF instead. The vertical position can be expected to be most 

directly related to running performance, since numerous studies have shown that a short 

tstance, long tflight, low DF or high stiffness, relates to performance 46,184,190,245. The tstance/tflight-

axis reflects the utilisation of elastically stored energy. To achieve the highest speed 

possible, a running style enabling the delivery of high propulsive forces over a wider speed 

range would be preferred, which the runner can achieve by reusing elastically stored 

energy. Hence this running style is labelled as ‘Bounce’ and is characterised by a short tstance 

and a relatively long tflight. Both VDstance can be expected to be large to enable the generation 

of high forces and as a result VDflight can also be expected to be relatively large. In contrast, 

the running style at the low end of the vertical axis, coined ‘Stick’, is characterised by a 

long tstance with a short tflight. The associated low VDstep can be beneficial at low running 

speeds, or in conditions in which high vertical peak forces are unbeneficial (such as while 

running with a heavy bag or in loose sand). With increasing speed, tflight increases relative 

to tstance, but plateaus around ~20 km/h (Figure 6.3). In the Stick, this plateau can be 

expected to occur earlier, because the ability to generate propulsive forces during the short 

tstance may limit some runners to increase tflight further.  
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Figure 6.7. Visualisation of the proposed Dual-axis framework to characterise the fundamental 
differences in running styles as assessed at a given speed. The horizontal axis is defined by SF 
corrected by leg length and signifies the forward BCoM displacement per step. With at the left a 
high SF and at the right a low SF. The vertical axis represents the ratio between the stance and 
flight phase, which is quantified by the DF. With at the top a running style having a low DF. 
Together the axes describe a continuous spectrum of running styles with on the extremes ‘Walk’, 
‘Bounce’, ‘Hop’, and ‘Push’ styles. Based on the horizontal distance between initial contact and the 
hip, a running style labelled ‘Sit’ is positioned in the centre, which is characterised by a flexed 
knee at initial contact. The curved orange arrow at the top indicates the expected effect of 
running speed on the interdependency between DF and SF.  
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The horizontal position in the Dual-axis framework for a given speed is determined 

by either SF or SL. Note that both SF and SL can be chosen given their inverse relationship 

with speed. With a large SL/low SF on the right side and small SL/high SF on the left side. 

The position of a runner on the horizontal axis strongly depends on the runner’s ability to  

generate propulsion forces. Since taller runners naturally have larger SL, 

normalisation to leg length is strongly recommended. Methods include expressing SL as a 

percentage of leg length 52,205. If SF is used, SF can be rendered dimensionless by dividing 

SF by √(L0/g) 205. These normalisations will lead to the same conclusions since gravitational 

acceleration can be assumed to be constant for this purpose. 

The Hop (left) has a relatively high SF (Figure 6.8), with a low to medium DF. This 

combination suggests that the runner generates relatively limited forward propulsion 

during the stance phase. The resultant propulsion force is directed too vertical. As a result, 

the push-off angle is not optimal, resulting for a given speed in a non-maximal tflight. This 

phenomenon can have multiple causes, among which insufficient leg extension, too 

upright trunk orientation, or insufficient leg swing velocity.  

The Push (right) involves large steps, and a DF that is medium to large. The large DF 

occurs at the expense of a long tstance. The tflight is shorter than maximally possible, since the 

propulsion force is oriented more horizontally or lower. The long tstance may be the result of 

a movement strategy that includes prolonged tprop to prevent peak force generation.  

In the centre of the model a running style with intermediate DF and SF is described. 

This running style is likely to be characterised by a relatively large knee-flexion at initial 

contact (Figure 6.6c-d) since leg configuration is associated geometrically with tstance and, 

hence, tflight. Due to the expected ‘sitting posture’ this running style is coined ‘Sit’. Note 

that three visually distinctive running styles (Bounce, Sit and Stick) are possible with 

similar SF’s. The range of styles with corresponding SF may explain why some previous 

studies might not have find significant differences in SF’s between runners despite 

considerable variation in performance levels 178 or experience 178,247,296.  

The two axes of the Dual-axis framework should not be considered strictly 

orthogonal as visualised since DF and SL are dependent. The stance phase is limited by 

geometrical constraints (leg length, touch-down and take-off angles). Therefore, at high 

running speeds, SL becomes more dependent on the flight phase. Consequently, with 

increasing speed, the vertical axis will tilt to the right. Individual variation in dependencies 
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across speeds may reveal individual limitations and strengths. Note further that because 

of the interdependency between parameters, the same running styles can be obtained 

theoretically from other parameter settings as well.  

The running style associated with the highest absolute performance and the 

individually most economical running style may diverge. Accordingly, biomechanical 

predictors of performance and individual running economy can differ 46,63,95,113,167,297. In a large 

population, the biomechanical predictors may converge, but this would require proper 

normalisation for individual characteristics. The height or leg length normalisation 

assumes proportionally scaled body anthropometrics, which could make runners with 

different body sizes run in a dynamically similar fashion. In running, the leg length 

normalisation is a logical first step since the pendulum length of the fast-moving limbs 

will have more influence on the motion than the variation in body mass 298. To assess the 

biomechanical predictors for running economy, additional normalisation by mass may be 

appropriate. In the Dual-axis framework, this would imply that the DF on the vertical axis 

is replaced by vertical stiffness, thereby taking into account variation in body mass. The 

SL or SF may not require mass normalisation additional to leg length normalisation since 

the natural frequency of a pendulum system depends on its length, not on its mass 299. Still, 

in a previous study, we found that a 7.5 kg increase in body mass was associated with a 

reduction of SF by one step per minute 178. Differences in SF were also found due to age. It 

seems that, in general, stronger and potentially heavier runners prefer larger steps. This 

suggest that when running style is evaluated in relation with running economy, gender 

differences and age should be considered to account for potential differences in mass 

distribution or strength. Ultimately, it will be unfeasible to take all individual and 

situational factors into account that collectively determine the most economical running 

style. Therefore, caution should be exerted in generalising across running populations and 

in using generic reference values in feedback applications. In general, it might be more 

effective to design feedback systems that promote self-optimisation as suggested in some 

of the SF-studies.  
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Figure 6.8. Illustration of the BCoM trajectories for the four most extreme styles with 
variations in step frequency at a given speed (black vertical bar), flight phase (blue) and stance 
phase (orange). As a result of the expected BCoM trajectories each running style will display 
different spatiotemporal parameters and runners can try to modify each style accordingly. 
Walk: long tstance, short tflight resulting in a medium SF and a low VDstep. Bounce: short tstance, long 
tflight resulting in a medium SF and a high VDstep. Hop: short tstance, short tflight resulting in a high 
SF and a medium VDstep. Push: long tstance, long tflight resulting in a low SF and a large VDstep.  
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Future studies 

The running styles defined by the Dual-axis framework may guide future research to 

answer questions regarding performance improvement, injury prevalence. Also, questions 

regarding certain environmental contexts in relation to running biomechanics can be 

answered more pointedly and consistently than has hitherto been possible. The proposed 

framework has practical and heuristic value as it only requires that speed, SF (normalised 

for leg length) and DF are measured and modelled in conjunction. We acknowledge that 

even within each position in the framework small variations still exists because of 

potential compensating moments generated by the trunk, arms and legs. The 

landing/take-off asymmetry would additionally specify the BCoM trajectory. However, 

current research on the landing/take-off asymmetry is limited. Therefore, strong 

conclusions regarding the additional value of the landing/take-off asymmetry to the 

framework remain to be determined. Nevertheless, we expect the Dual-axis framework to 

capture the most fundamental differences in running styles, since it will cover most of the 

variations in runners’ BCoM trajectories. We further expect that measuring whole body 

kinematics will result in the same definition of running styles. The Dual-axis framework 

will help explain variation between running styles and it provides a firmly motivated and 

rich basis for defining and testing new hypotheses (which we have presented in this review 

as expectations). Ideally, future research on running biomechanics will be done over a 

range of speeds to identify potential individual speed dependent differences. Gait 

modifications to mimic the various running styles can be imposed by means of instructions 

requiring combinations of long/short tstance with small/large SL. In addition, future research 

may want to focus the effects of specific gait modifications emphasizing limb movements 

such as leg retraction, trunk lean, knee lift and arm swing to gain practical insights for 

runners and their coaches. 
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Conclusion  

Based on the current literature, we expect that the full spectrum of running styles 

can be distinguished on the basis of SF, normalised by leg length, and DF for given speeds, 

as stipulated in the proposed Dual-axis framework. Given that the goal of locomotion is to 

transport the BCoM, the framework uses the sinusoidal BCoM trajectory in the sagittal 

plane as the guiding principle. We expect that the framework will help to describe the most 

fundamental differences in running styles since the BCoM movements depend 

mechanically on the GRF patterns and limb and trunk kinematics. The categorisation of 

the five styles, coined ‘Stick’, ‘Bounce’, ‘Push’, ‘Hop’, and ‘Sit’, can be used to study the 

effects of gait modification and to help the interpretation of study results. By identifying 

the key characteristics to differentiate running styles, this review, and the synthesised 

Dual-axis framework are intended to provide a unified concept for interpreting 

measurements, for conducting future research on performance, running economy and 

injury risk, as well as for designing and testing coaching interventions. 
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Appendix  

m is the participant’s body mass in kilograms.  

L/ leg length in meters at rest. This can be measured from trochanter major to the ground.  

g is the acceleration due to gravity (-9.81 m/s2) 

Transformations between speed, SF and SL 

V!  =   WX
D()*+

    (1) 

SF  =   Y/ 
D()*+

    (2) 

t9D43 =	 t9D?@:4 + t=B,CED   (3)  

t=B,CED  =  t9D43 − t9D?@:4   (4) 

t9[,@C  =  t=B,CED + t9D?@:4   (5) 

d9D?@:4 =   v! ∙  t9D?@:4    (6) 

d=B,CED =   SL −  d9D?@:4    (7) 

dBCoM−ic 	= 	12 · vx · tstance   (8) 

Normalisation for body length 

SF@65F =	 Wh
iX,/g

   (9) 

t9D?@:4,@65F =	 D()-./*
iX,/g

   (10) 
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Equations based on the ballistic trajectory 

tB,=D =   *
%
∙t=B,CED    (11) 

v", =  g∙tB,=D    (12) 

VD=B,CED =   v",∙tB,=D +
*
%

g∙tB,=D%   (13) 

~k& 	represents	the	initial	vertical	speed	at	the	onset	of	the	flight	phase;	the	estimated	
time	to	reach	the	peak	of	the	flight	phase.	These	equations	assume	that	there	is	no	
difference	between	landing	and	take-off	height	and	air	resistance	can	be	neglected.	

Step	angle =  g∙t9[,@C∙
%
l
   (14) 

Vertical	ratio =    mn()*+
WX

    (15) 

Stiffness properties 

Duty	factor	(DF) =   D()-./*
%∙pD()-./*.D01234)q

         (16) 

 

Hooke’s law (linear spring) 

−F = y ∙ k            (17) 

Where	in	the	case	of	running	F	=	Fmax,	y	=	VDstance	and	F	in	opposite	direction	of	y.		

Vertical peak force during contact 230 

FF?! = m∙g∙ r
%
∙ Q

D01234)
D()-./*

+ 1R          (18) 

 

Vertical displacement of the BCoM during the stance phase 230  

VD9D?@:4 = − h5-6 
F

∙ D()-./*
7 

r7
+ g∙ D()-./*

7 
l

        (19) 

VD=B,CED = VD9D43 − VD9D?@:4         (20) 

 

Vertical stiffness 230 

KL45D =   h5-6
mn()-./*

           (21) 
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Leg length change 230 

∆Ü = Ü/ −(Ü/% − Q
s8∙t9:;<=>

%
R
%
+ áàutvwxy        (22) 

Leg stiffness 230 

âzy{ =   |?;8
}~

            (23) 

with ∆L representing the change in leg length, and vx the constant horizontal velocity. 

Braking and propulsion 

In constant speed running the net impulse (∆I) equals zero.  

∆I = ∫ (−Fx,brake∙ tbrake)  + ∫ (Fx,prop∙ tprop) = 0   (24) 
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Adapted from 

Van Oeveren, B. T., De Ruiter, C. J., Beek, P. J. & Van Dieën, J. H. Training behaviour, 

motivation and injury prevalence in recreational runners of varying performance levels. 

Journal of Strength and Conditioning Research (under review) 
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Abstract 

Differences in anthropometrics, training behaviour, motivation, and injury prevalence 

among recreational runners with varying performance can be expected. Yet, the group of 

recreational runners is often treated as a homogenous group, and relatively little is known 

on how performance may relate to variance among runners. Via online recruitment 1802 

runners (60% men, 40% women, age 43.6 ± 11.0 yrs) participated. Participants were divided 

into three performance groups based on their self-reported 3 and 10 km speeds adjusted 

for age and sex. Body mass and BMI were significantly lower with increasing performance 

level. High-performance runners were significantly more motivated by improving 

endurance, speed and participation in events. Low-performance runners were motivated 

more by weight regulation and stress relief. Training frequency, duration, and variation in 

intended exertion levels all increased significantly with increasing performance level. Over 

one-year, 57% of the runners suffered an injury. Overall injury prevalence was higher in 

the high-performance group, but not after correction for training distance. The dorsal side 

of the body, especially the Achilles tendon, was more often affected in the high-

performance group. It is clear that running performance partly relates to the variance 

within the group of recreational runners on anthropometrics, training behaviour, 

motivation, and injury prevalence.  

Key points 

• Runners were motivated mostly by maintaining health, improving endurance, stress 

relief and participation in events.  

• High-performance runners showed more variation in training types such as interval, 

tempo or endurance runs. 

• Total injury count was higher in high-performance runners, but not after correction 

for distance.  

• High-performance runners reported more injuries at the dorsal side of the body, 

especially at the Achilles tendon. 
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Introduction 

A categorisation of runners into groups allows comparisons on multiple characteristics at 

once. A key assumption for categorisation is that the characteristics of the runners in a 

group are similar. The most used and largest group of runners used by researchers is the 

category of recreational runners. However, performance levels among experienced 

recreational runners differ widely; with marathon times, for example, ranging between 2.5 

and 5.5 hours 300,301. This wide range in performance attests to a broad diversity in 

performance, habits and motivation. Still, only a few studies have focused on diversity 

among the group of recreational runners 302–304. Within the group of recreational runners, 

anthropometrics, including age and gender, have been found to relate to performance 
301,305,306. Also, body height and body mass were lower in more economical runners 88,307. 

Training habits may have substantial effects on running performance 303,308,309. More 

specifically, training types, such as high-intensity intervals, tempo runs and long slow 

distance runs are believed to trigger specific neuromuscular and physiological adaptations 
310–312.  

Therefore, the specific mixture of frequency, intensity, and duration of training 26,313,314 

is likely related to differences in performance among runners. Training loads may be 

insufficient to trigger adaptation and enhance performance, or be too high and result in 

overtraining and increased injury risk 26,314–316. However, conflicting results have been found 

on the relationship between injuries and training 30. In addition to training behaviour 209,317, 

injury prevalence can be assumed to depend on built-up tolerance 26, injury coping 

strategies and running biomechanics 42,138,185. Each of these factors is potentially also related 

to performance, and therefore the existence of a relationship between performance and 

injury prevalence is conceivable. Being engaged in running and coping with injuries 

eventually depend on motivation 318. Previous research has shown that motives such as 

improving health and fitness, mastery of the task, weight regulation, and event 

participation can be important drivers for sports participation 319,320. It is unclear to what 

extent recreational runners differ in their motivations for running, but such differences 

may be necessary when attempting to modify training behaviour in this group. 

In sum, previous findings suggest differences among recreational runners in various 

domains, and it seems that differences in characteristics partly relate to performance. The 
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aim of the present study is therefore twofold. First, we aim to provide a generic profile of 

the recreational runner. Second, we compare recreational runners of different performance 

levels in four domains: anthropometrics, training behaviour, injury prevalence and 

motivation, to identify key differences. We hypothesise that runners of different 

performance levels within the group of recreational runners differ in all four domains and 

the term "recreational" is too wide to specify runners. 

Methods 

Study population 

Adult runners (N=1802) were recruited using online advertising and social media. After 

signing informed consent, participants filled out a questionnaire on anthropometrics, 

experience, running performance, injury prevalence and training behaviour. The study was 

approved by the local institutional ethics and research committee in accordance with the 

Declaration of Helsinki 321. 

Creating groups based on performance  

Participants were assigned to a low, intermediate and high-performance group by 

calculating a performance score corrected for age and sex. To this end, residuals from the 

fit between age and the self-reported best 3km speeds were calculated separately for men 

and women. The same procedure was repeated for the self-reported 10km speeds. 

Residuals from these fits were z-transformed to create performance scores. The lowest 

performance score for each participant was used to assign the participant to one of the 

performance groups: low (0-25th percentile), intermediate (25th-75th percentile) and 

high (75th-100 percentile). The lowest score was used since visual inspection revealed that 

outliers generally indicated overestimation of speed. The intermediate group was 

deliberately larger than the low- and high group, to create distinctive low- and high-

performance groups. 
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Description of the independent variables 

Table 7.1 provides a list of the independent variables. Each training session and each injury 

were separately described through multiple questions. The following training types were 

defined: Recovery, Endurance, Tempo, Extensive and Intensive Intervals 117,322. The 

questionnaire contained a short description of each of these training types and open 

answers were allowed. Injury locations were shown using images of coloured body regions, 

again with an open answers option. As pointed out previously, injury definitions differ 

widely 323,324, therefore absolute injury count, over-user injury count and injury counts per 

1000h and 1000km using the self-reported training volumes (in time and distance) were 

calculated. Conventionally, studies divide the injury regions into cranial-caudal regions. 

This cranial-caudal organisation is relevant when shock absorption is the most important 

underlying mechanism for injuries. We reasoned that medio-lateral side injuries may 

relate to asymmetry in running and that dorsal-ventral side injuries may relate to 

accelerating and braking. Therefore, we asked participants to specify the injury locations 

further using more detailed images of injury regions to be able to divide injuries into 

medio-lateral or dorsal-ventral sides. 

Table 7.1. Description of the variables 

Label Description 

Anthropometrics  

Sex Man or Woman 
Age (years) Years calculated from the self-reported date of birth 
Height (cm) Self-reported body height in cm 
Mass (kg) Self-reported body mass in kg 
Daily activity Daily activity with a scale ranging from sedentary = 0 to physically active = 10 
Quality Self-rated quality with a scale ranging from sprint = 0 to endurance = 10 

Outcome variable  

Performance Categorised in three groups: low (<25 percentile), intermediate (25 to 75 
percentile), high (>75 percentile) using the z-transformed error scores 
resulting from a gender specific linear fit through age and speed and age x 
10km speed.  

Motivation  

Events The event participation count. A categorical variable with categories Never, 
training for a first competition, <= 2 times per year, 2-4 times per year, 4-12 
times per year, > 12 times per year. 

Sprint Motivation to improve sprinting on a scale from 0-10 
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Endurance Motivation to improve endurance on a scale from 0-10 
Health Motivation to improve health on a scale from 0-10 
Distraction Motivation to get mental relief from running on a scale from 0-10 
Weight Motivation to reduce weight on a scale from 0-10 
Social interaction Motivation to have social contacts due to running on a scale from 0-10 

Experience  

Experience Experience in years. A categorical variable with groups less than 0.5, 0.5 to 1, 
1 to 2, 2 to 3, 3 to 5, 5 to 10 and more than 10 years. 

3km speed Self-reported speed on a 3km in m×s-1 
10km speed Self-reported speed on a 10km in m×s-1 

Training behaviour  

Workout frequency The number of workouts per week including other sports for a typical week in 
the past three months. 

Run frequency The number of runs per week estimated by the participant for a typical week 
over the past three months. 

Distance Sum of the distance (km) of all the run workouts for a typical week in the past 
three months. 

Duration Sum of the time (min) of all the run workouts for a typical week in the past 
three months. 

Intended exertion 
level 

The average intended exertion level for the running workouts, weighted for 
the session frequencies (0=rest, 10=maximal exertion). 

Variation in 
intended exertion 

The standard deviation of intended exertion used as a measure to indicate 
variation in training intensities. Weighted for the number of sessions per 
week.  

Training types A categorical variable to classify various training sequences as recovery, 
endurance, tempo runs, extensive or intensive intervals 117,322. 

Injury prevalence  

Injured  Logical variable, to indicate if the participant was injured during the previous 
year. In the questionnaire, each injury was described separately by the 
participant. An injury was defined as an physical complaint or observable 
damage to body tissue produced or sustained by an athlete during 
participation in athletics training or competition, regardless of whether it 
received medical attention or its consequences with respect to impairments 
in connection with competition or training 325.  

Overuse injury Logical variable, indicating if the participant had sustained an overuse injury 
during the previous year. An overuse injury was suspected when the injury 
concerned a lower extremity injury, had a gradual onset, lasted more than 
one week and led to training modifications. These injury characteristics were 
derived from several questions. 
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Statistics  

Differences between low, intermediate, and high performers were tested using an ANOVA 

for continuous measures, a Kruskal-Wallis test for categorical measures and a Chi-square 

test for dichotomous variables. The ANOVA (F-statistic) was followed-up by an 

independent t-test (t), the Kruskal-Wallis (H-statistic) by a Mann-Whitney (U-statistic) 

and the Chi-Square test (χ2-statistic) with pairwise comparison. All tests were performed 

with a significance level of p<0.05 and p-values of the post-hoc tests were corrected using 

a Bonferroni correction. Effect size for ANOVA was calculated by Eta squared (ηp
2) and 

interpreted as small: <0.01, medium: <0.059, large: <0.138. Effect size for Chi-square test 

was calculated by Cramérs V (ϕc) and interpreted as small: <0.1, medium: <0.3, large: <0.5. 

Effect size for Mann-Whitney (r) was calculated by dividing the z-score by the squared 

number of observations, which was interpreted as small: <0.1, medium: <0.3, large: <0.5.  

Results 

Participants 

The regression coefficients describing the fit between sex and speed are presented in Table 

7.2. These fits were used to divide the participants into three performance groups (low, 

intermediate, high). Table 7.3 lists characteristics of the groups. Most of the participants 

(66.3%) had more than three years running experience. The participants rated themselves 

primarily as endurance athletes (8.3 ± 1.8, median ± IQR on a 0-10 scale where 0 denotes 

'sprint' and 10 'endurance'; mean ± SD) and rated themselves average on being physically 

active (4.5 ± 2.6, median ± IQR on 0-10 scale where 0 denotes 'sedentary and 10 'highly 

active). 80.4 % reported competing in a running event more than two times per year. 

 

Table 7.2. Regression coefficients to calculate gender and age specific predicted speeds  

 b0 (95% CI) b1 (95% CI) r2
adj SEE 

Men 10 km 4.65  (4.52 – 4.79) -0.023 (-0.026 – 0.020) 0.13 310 

Men 3 km 5.11 (4.95 – 5.26) -0.028 (-0.031 – 0.025) 0.19 383 

Women 10 km 3.36 (3.22 – 3.50) -0.009 (-0.013 – 0.006) 0.05 166 

Women 3 km 3.71 (3.55 – 3.87) -0.015 -0.018 – 0.011) 0.11 204 

Predicted speed = b0 + b1·Age (yrs). CI: confidence interval.  
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Anthropometry 

Regarding anthropometric variables, a small, but significant difference between 

performance levels was found for age (F (2, 1788) = 6.57, p = 0.0014, ηp
2 = 0.007). Post-hoc 

analyses revealed that the intermediate group was around 1.9 years older than the low- t 

(1786) = -3.36, p = 0.003, d = 0.19) and high-performance (t (1786) = -0.75, p = 0.041, d = 

0.049) groups (Table 7.3). The small effect size, the normal distribution and the small 

difference (1.9yrs) between groups gave sufficient trust to treat the groups as equal when 

it concerns age or sex. Body mass (F (2, 1786) = 153.17, p < 0.001, ηp
2 = 0.146) and BMI (F (2, 

1786) = 253.55, p < 0.001, ηp
2 = 0.221) significantly decreased with performance levels. There 

was a significant difference in height (F (2, 1786) = 3.06, p = 0.046, ηp
2 = 0.0034) between 

performance levels, but with a very small effect size. Post-hoc analysis revealed that the 

high-performance group (177.0 ± 8.7) was significantly (p = 0.04) shorter compared to the 

low-performance group (178.5 ± 9.5 cm). 

  

Table 7.3. Participant descriptive and low-, intermediate- and high-performance group 

 Total Low  Intermediate High  
  (N=447) (N = 895) (N=447) 

Men: Women (%) 60:40 61:39  59:41  62:38  

Age (yrs) 43.6±11.0 42.4±11.1 * 44.5±10.7 * 42.9±11.3  

Body mass (kg) 73.7±12.0 81.0±13.5 ** 73.0±10.5 ** 68.2±9.5 ** 

BMI (kg×m-2) 23.2±2.8 25.3±3.3 ** 23.0±2.2 ** 21.7±2.0 ** 

Body height (cm) 177.8±9.1 178.5±9.5  177.9±9.0  177.0±8.7 * 

Speed 3km (m×s-1) 3.6±0.7 2.9±0.5 ** 3.5±0.5 ** 4.3±0.6 ** 

Speed 10km (m×s-1) 3.4±0.6 2.8±0.4 ** 3.3±0.4 ** 4.0±0.5 ** 

* Significance at p < 0.05 level, ** significance at p < 0.01 level. Analysed with ANOVA followed-
up with independent t-test. See methods for further details. BMI: body mass index 
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Training  

Table 7.4 summarizes the training characteristics. Session frequency (H (2,1786) = 204.34, 

p < 0.001), distance (F (2, 1764) = 175.10, p < 0.001, ηp
2 = 0.166) and duration (F (2, 1764)= 

61.25, p < 0.001, ηp
2 = 0.065) all increased with performance level. Intended levels of 

exertion were similar across groups, corresponding to moderate and reasonably heavy 

exertion. However, variation in intended exertion levels increased with performance level 

(H (2, 1765) = 158.64, p < 0.001). The runners additionally practiced fitness (24.9 %), 

swimming (13.9 %) and biking (7.2 %). Especially the high-performance group practiced 

an additional sport (55.5%, median ± IQR, 1.1 ± 1.5 per week, χ2 (2, 1788) = 16.83, p < 0.001, 

ϕc = 0.097). Among additional sports, swimming (χ2 (2, 1788) = 15.29, p < 0.001, ϕc = 0.092) 

and biking (χ2 (2, 1788) = 33.54, p < 0.001, ϕc = 0.137) were popular. Also, fitness was popular 

across groups, but the popularity did not differ between groups (χ2 (2, 1788) = 1.60, p = 

0.449).  

 

  

Table 7.4. Training characteristics 

 Total Low 
(N=447) 

Intermediate 
(N = 895) 

High 
(N=447) 

Frequency  
(per week)b 

3.0±1.0 2.5±1.2 ** 3.0±1.0 ** 3.0±1.0 ** 

Duration  
(min per session)a 

69.0±21.0 61.1±21.4 ** 69.2±20.5 ** 76.3±19.0 ** 

Distance  
(km per session)a 

10.5±3.5 8.4±3.1 ** 10.6±3.3 ** 12.4±3.1 ** 

Intended exertion  
(Average per week)b 

3.3±0.7 3.3±1.0 * 3.2±0.7 3.3±0.8 

Variation in exertionb 0.5±0.6 0.5±0.8 ** 0.5±0.5 ** 0.9±0.8 ** 

a (Mean±SD). Analysed with ANOVA with independent t-test follow-up 
b (Median±IQR), Analysed with Kruskal-Wallis with Mann-Whitney follow-up and a 
Bonferroni correction.  
* Significant at p < 0.05, ** significant at p < 0.01  
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Figure 7.1 shows the relative distribution of different training types and Table 7.5 the 

workload characteristics per training type. The training types were on average distributed 

as: Recovery: 11.8 %; Endurance 46.3 %; Tempo 19.0 %; Intensive 19.9 %; Extensive 1.6 %. 

The proportion of endurance training decreased with performance levels (H (2, 1764) = 

39.86, p < 0.001), while intensive intervals (H (2, 1764) = 41.46, p < 0.001) and extensive 

intervals (H (2, 1764) = 29.79, p < 0.001) were used more often in the high-performance 

group. With smaller effect sizes, significant increases with performance level were found 

for tempo training sessions (H (2, 1764) = 13.93, p < 0.001) and recovery (H (2, 1764) = 12.10, 

p = 0.002).  

 

Figure 7.1. Occurrence per training type. Where the width of each bar represents higher 
occurrence. From left to right: low- (blue), intermediate- (green) and high- (red) performance 
groups. With significant differences denoted with an asterisk (* p < 0.05, **p < 0.001); means 
(dotted lines); dots (medians); interquartile range (white vertical lines).  

 
Table 7.5. Specifications of the training types (mean±SD) 

  Recovery Endurance Tempo run Extensive Intensive 

Frequency  0.9±0.21 1.0±0.24 0.9±0.21 1.0±0.17 1.0±0.20 

Duration (min)  52±20.0 70±31.0 63±24.0 72±23.0 68±27.0 

Distance (km)  8.2±3.09 12.9±5.41 10.0±3.84 9.5±3.36 8.3±3.15 

Exertion  2.1±0.83 3.0±0.92 3.8±1.04 4.3±1.30 4.8±1.79 
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Injuries 

Over one year 57.2 % of the runners reported having sustained at least one injury, out of 

which 19 % sustained more than one injury. Injury prevalence was 19.2 % for the knees, 

16.0 % for the lower legs, 11.4 % for the feet, 11.3 % for the pelvis, 8.0 % for the ankles and 

6.3 % for the upper legs (Figure 7.2). Injury prevalence was higher in the high- (63.1%) 

compared to the intermediate- (56.3%) and low-performance groups (53.0%) (χ2
 (2, 1788) 

= 9.80, p < 0.001, ϕc = 0.074). In contrast, injury prevalence expressed per 1000km resulted 

in a significantly lower number in the high-performance group (H (2, 1761) = 11.67, p = 

0.003) and injury prevalence expressed per 1000h did not yield any significant differences 

between groups. No differences between groups were found in the medio-lateral injuries. 

At the dorsal side the high-performance group sustained significantly more injuries 

relative to the low-performance group (χ2 (2, 1788) = 11,37, p < 0.001, ϕc = 0.08), which was 

partly due to the higher prevalence at the Achilles tendon (χ2 (2, 1788) = 7.62, p < 0.001, ϕc 

= 0.065). Effect sizes for these differences in injury prevalence were small.  

  

Figure 7.1. Injuries per location in percentages. From left to right a) cranial-caudal, b) medial-
lateral, c) dorsal-ventral organisation. From top to bottom high- (red), intermediate- (green) 
and low- (blue) performance groups, with significant differences denoted with an asterisk (* p 
< 0.05). With medial (12%) - lateral (20%); dorsal (29%)- ventral (18%) relative to total number 
of injuries. 

 

Trunk

Pelvis

Upper leg

Knee

Lower leg

Ankle

0 5 10 15 20

Foot

Cranial-caudal Medial-lateral Dorsal-ventral

Glutes

Hamstrings
Quadriceps

Knee cap

Shin ant
Gastrocnemius

Achilles

0 5 10-10 -5

*

Hip

Thigh lat

Knee lat

Ankle lat

Groin

Adductor

Knee med

Ankle med

Shin pos

0 5 10-10 -5



Running Deciphered 

 144 

Motivation 

Figure 7.3 illustrates the comparison between the low, intermediate and high-

performance groups for different motivators. Overall, health & fitness (8.0 ± 1.0), improving 

endurance (8.0 ± 1.0) and stress relief (8.0 ± 2.0) were the three most prominent 

motivators. Social interaction, weight regulation and improving speed showed large 

variation. Weight regulation was significantly (H (2, 1782) = 171.85, p < 0.001) less important 

for increasing performance groups. The high-performance group rated health & fitness (H 

(2, 1779) = 11.42, p = 0.003) and stress relief (H (2, 1781) = 11.19, p = 0.004) lower, but these 

effects were small. The rating for endurance significantly increased with performance level 

(H (2, 1777) = 55.02, p < 0.001). Improving speed was slightly more important for the high-

performance group (H (2, 1772) = 6.25, p = 0.044, post-hoc: U = 211853, p = .046, r = -0.066). 

No significant differences between groups were found in the importance of social 

interaction (H (2, 1780) = 1.61, p = 0.447).  

 

Figure 7.2. Motivation of runners (scale 0-10) presented in a violin plot. From left to right low- 
(blue), intermediate- (green) and high- (red) performance groups, with significant differences 
denoted with an asterisk (* p < 0.05, **p < 0.001). The dots represent the medians and the 
white vertical lines represent the interquartile ranges. 
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Discussion 

The goal of this study was to identify differences related with performance within the 

group collectively labelled as 'recreational' runners. To this end, a questionnaire was used 

to develop a comprehensive profile of the runners. Differences were found between 

performance groups in anthropometrics, training behaviour, injury prevalence and 

motivation, indicating that homogeneity should not be assumed. These results argue for 

performance-based classification in future studies.  

Anthropometrics 

In general, the average recreational runner participating in the present study can be 

characterised as an experienced runner in the mid-forties (43.6 ± 11.0 yrs). The age of the 

participants was comparable to other field studies 326,327, but likely higher than in most 

laboratory studies. Since age may affect strength 328,329, speed and running kinematics 330, 

caution is warranted when results or conclusions from such studies are generalised to the 

population of recreational runners. 

As expected, body mass and BMI were lower in the high-performance group 

compared to the low-performance group. Note that the low-performance group was 

slightly overweight (BMI >25) 331. The high-performance group was significantly shorter, 

but with a difference of only 2 cm. In men Anderson 116 found a slightly lower height 

correlating with better running economy, but an opposite effect for women. It is therefore 

problematic to assess the relation between height and performance without stratifying on 

sex. Body mass and BMI can be expected to differ between runners of different performance 

levels.  

Training behaviour 

Training duration, distance and frequency correlated positively with performance level, 

with substantially higher weekly training volumes for the high-performance group (37.2 

km×wk-1), compared to the low-performance group (21.0 km×wk-1). Furthermore, runners 

in the high-performance group more often practised additional sports, such as biking and 

swimming, further increasing the weekly workload. Large fluctuations in training load are 

generally believed to relate to injuries 312,315. To enhance physiological capacity a sufficient 

weekly training load is required. The high-performance group seemed to achieve high 
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weekly training loads mainly by increasing training frequency and avoided high training 

session loads by spreading training volume over the week. In accordance, Midgley et al. 312 

suggested that frequency should be kept constant while duration and intensity can be 

varied to adapt training load to the runner's physical state. 

In addition to spreading of training volume, more frequent sessions allow more 

variation between training types as evidenced in the high-performance group. The mixture 

of training types differed among groups, with the high-performance group doing relatively 

fewer endurance runs but more high-intensity sessions, such as tempo runs, and extensive 

and intensive intervals. In line with this, the high-performance group had more variation 

in intended exertion levels, while the average intended exertion level did not differ 

between groups. This suggests a more polarised training routine in the high-performance 

group, including both relatively slow endurance runs and high-intensity intervals, which 

is believed to promote physiological training effects 310,311,332–334. Other suggested benefits of 

variation in training intensity include improved motor learning 134,335,336 and injury 

prevention 335. In accordance, interval training has been identified as a protective factor for 

the development of injuries 337. Despite the generally accepted benefits of interval training 

the low-performance group appeared to perform relatively few interval sessions. The 

distance covered in interval sessions is relatively low compared to endurance runs. 

Therefore, researchers should be careful in interpreting weekly distances. These results 

suggest that detailed training characteristics should be reported to gain a better 

understanding of the effects of training load on injuries or performance.  

Injury prevalence  

More than half of the participants suffered one or more injuries during the previous year. 

Half of these injuries were categorised as over-use injuries. The knee (19.2 %), lower leg 

(16.0 %), pelvis (11.3 %) and foot (11.4 %) injuries were most common. Especially the knee 

and lower leg are often observed to be most prone to injuries 6,337–339. Injury prevalence has 

been found to vary over gender, running populations 302,340 and running styles 44,341,342. In 

addition, definitions and recall periods (1 day to a year) differ. Together, these differences 

challenge comparisons across studies and explain the high differences in injury prevalence 

reported 302. Nevertheless, the total number of injuries reported here is in line with 

previously reported prevalence in long-distance recreational runners 34,343–345.  
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The conventional cranial-caudal localisation of injuries was further subdivided into 

medial-lateral and dorsal-ventral localisation. Injuries seemed to concentrate more 

medially in the frontal plane and more dorsally in the sagittal plane. Only injury prevalence 

at the dorsal side differed between performance groups, with the high-performance group 

suffering more dorsal injuries, partly due to the higher prevalence of Achilles tendon 

injuries. Similarly, other authors observed more Achilles tendon injuries in experienced 

runners compared to novice runners 324,338. The current population may be especially 

susceptible to injuries since experienced male runners 346 aged over 35 years have been 

found to have an increased risk of Achilles tendon injuries 340. In line with the current 

results, strong effects of training distance per week and training pace have been found 346. 

It is recognised that the precise localisation of injuries is difficult to determine and that 

the injury location does not necessarily relate to muscle function. Therefore, caution 

should be paid to our suspicion that dorsal-ventral injuries may relate to acceleration or 

braking. Nevertheless, some indications have been found in support of this assumption. 

For example, various authors have suggested that gastrocnemius-soleus insufficiency in 

eccentrically dorsiflexing the foot at touchdown is related to the onset of Achilles tendinitis 
346,347. In similar vein, other authors have related Achilles tendinitis with leg stiffness 348 and 

low peak braking forces 346,349,350. It seems therefore useful to subdivide injury locations into 

medio-lateral and dorsal-ventral locations to gain further understanding into the 

aetiology of injuries in specific populations.  

Overall, the high-performance group suffered significantly more injuries compared 

to the low-performance group, but no significant differences were found for overuse 

injuries or injuries calculated per 1000 h of running. In the current study, whether the high-

performance group is more prone to injuries depends on how injuries are expressed 323,324,351. 

Currently, injuries are often expressed per 1000 h 5,324,338,352. In the current study, more than 

21 % of the training sessions concerned an interval training. Interval sessions can include 

periods of walking or jogging and consequently training duration may not adequately 

reflect the training load. Edwards 138 showed that the probability of stress fractures 

increased with running distance. Therefore, it can be argued that injuries expressed per 

1000 km may better reflect the cumulative impact of steps 353 compared to injuries 

expressed per time unit. When the injury prevalence was expressed per 1000 km, the high-

performance group suffered significantly fewer injuries compared to both other groups. 
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Motivation  

For runners in all performance groups a healthy lifestyle was found to be the most 

important motive to engage in running. This finding is in line with previous research 4,354. 

Furthermore, all runners scored high on improving endurance, reducing stress and 

participating in events. The larger within-group variation in motivational aspects, social 

interaction, weight regulation and improving speed, indicate larger individual differences 

on these aspects. This suggests that coaches and application developers would do well to 

accommodate to individual preferences when using social interaction, weight regulation 

and improving speed as motivators. 

All motivators for running engagement differed among the performance groups, 

except for social interaction. The high-performance runners seemed to be more motivated 

by aspects directly related to running performance, such as improving endurance, event 

participation and improving speed. In contrast, the low-performance runners were more 

motivated by indirect motivators such as weight regulation and stress relief. The self-

determination theory places motivators on a continuum from 'external' to 'internal' 20 and 

the achievement goal theory divides runners' goals into task-oriented or ego-oriented. 

Although speculative, the present results suggest that high-performance runners are more 

internally motivated and potentially set more running-oriented goals, whereas the low-

performers seem to be more externally motivated and potentially set more ego-oriented 

goals. A more detailed questionnaire is required to confirm these speculations. 

Nevertheless, differences in motivation between performance groups should be considered 

as they may reflect a change of motivation or orientation when runners gradually improve 
355, or instead, the differences in performance could be the result of differences in 

motivation. As has been concluded previously, recreational runners should be regarded as 

a heterogeneous population when it comes to motivation 320. Furthermore, recreational 

runners' motives are performance dependent.  

Limitations and future directions 

The participants in the present study were recruited using social media, which may have 

created a bias in the study sample. However, the study did succeed in including 

participants over a wide spectrum of experience, age and performance. We purposely did 

not label the runners as novice or experienced, since there is no consensus about the 



Chapter 7 | Profile of runners 

 149 

definitions of these terms in the literature. In fact, we found some mismatch in labelling 

across studies. The same holds for the definition of running-related injuries, which have 

been defined as injuries that provide a restriction on or interruption of running (distance, 

speed, duration, or training) for at least 7 days or 3 consecutive scheduled training sessions, 

or requiring the runner to consult a physician or other health professional 356. We felt that 

predefining injuries as such may create a bias by itself and therefore did not choose to work 

by this definition. In the present study groups were defined based on performance 

corrected for age and sex. It should be noted that age and sex may among other factors 

affect for example injury prevalence 304,357 or motivation of runners 358. Further research is 

needed into stratifying on age and sex on these topics to help coaches and application 

developers to individually tailor running promotion.  

Ideally, insights into training behaviour might be derived objectively from wearable 

data and longitudinal monitoring of the development of injuries. To complement such ideal 

scenario, the current study results indicate that the mixture of training behaviour and 

localisation of injuries should be investigated in detail.  

Conclusions 

Within the group recreational runners, significant differences related to performance were 

found in anthropometrics, motivation, training behaviour and injury prevalence profiles. 

The detailed descriptions of training profiles and injury locations explored in this study 

appear thereby useful in understanding differences between performance groups. Runners 

who are collectively labelled as 'recreational' should therefore be treated as a 

heterogenous group with differences partly associated with performance levels. These 

results argue for performance-based stratification and detailed descriptions of training and 

injury characteristics in future studies. 
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Introduction 

The overarching aim of this dissertation was to improve the interpretation of data 

from wearable devices to enable improvements in feedback on running technique. 

Wearable technology in running provides a promising solution to improve performance 

and reduce injury risk. From a scientific standpoint, the large datasets captured while 

running in a natural environment may provide new insights into running technique in 

relation to performance enhancement and injury prevention. For the runner, the feedback 

may allow timely correction of training behaviour and running technique. However, 

incorrect interpretations of data from wearable devices can easily result in misleading 

conclusions, which may yield adverse results. We studied potential solutions to enhance 

the accuracy and interpretation of wearable data along the various levels of the data 

hierarchy (Figure 2.1). In this epilogue, we address the process from measurement to 

interpretation via three topics: data collection, labelling and benchmarking (Figure 8.1). 

For each topic, we provide practical guidelines for future research, technological 

development and coaching.  

 

Figure 8.1. Feedback circle, as discussed in this chapter. The data collection concerns the 
quality of the data which involves detection, storage and filtering. The labelling can be 
subdivided into task-, organismic and environmental contexts. Where task context may 
include running speed, training type etc. The organismic context refers to one’s individual 
biomechanical and physiological properties and physical status. Environmental context refers 
to weather and terrain conditions. An individually historical data or a determined energetic 
optimum may serve as a reference value for benchmarking. In addition, results can be 
benchmarked against aggregated population datasets.  The results should then be interpreted 
and finally clearly presented. The presentation was not main topic in this dissertation. 
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Data collection accuracy 

Inaccurate feedback may result in undesired behavioural changes. However, real-

world data collected with wearable devices are characterized by considerable variation due 

to natural changes in organismic, environmental and task constraints 359, as well as 

measurement errors. As suggested in Chapter 2, it might be possible to improve the 

robustness of algorithms used for accurate and reliable motion capture. Accelerometers, 

sometimes in combination with gyroscopes and magnetometers, provide the basis for 

motion capture in most wearable devices. The signal to noise ratio for walking is less 

favourable than for running. Consequently, diminished accuracy in stride detection from 

accelerometer signals can be expected in walking. Diminished accuracy can specifically be 

expected in wrist-worn devices that can be moved with a large freedom of movement, or 

when the sensor is embedded in a relatively large and heavy smartphone. For example, 

diminished detection can be expected from a smartphone placed in the back pocket due to 

movement artefacts of the buttocks 57,77. Therefore, in less favourable conditions and 

because of a less favourable sensor positioning the accuracy of detecting stride frequency 

will remain a challenge and the algorithm described in Chapter 2 may prove useful.  

In running, the signal to noise ratio for acceleration is favourable given the high 

movement amplitudes and impact forces and because accelerometers are typically located 

on favourable positions, such as the feet, chest or lower back Chapter 2,56,57. In running, good 

accuracy of stride frequency detection can thus be expected. Accordingly, the Garmin sport 

watch, which uses a chest strap, reliably measures stride frequency, ground contact time 

and vertical oscillation 55. Specifically, the accurate detection of stride frequency and 

contact time is favourable for biomechanical analysis (Chapters 3, 5, 6). 

Given the importance of running speed for the interpretation of biomechanical 

parameters (Chapters 3, 5, 6), improvement of GPS-based speed estimates might be 

necessary. Wearables use GPS-position to derive both distance and speed. Overall, GPS-

based distance provides acceptable results on straight courses 29,154,155,360 and GPS-tracking 

has been found to be suitable to assess training volume 29. The instantaneous running speed 

tends to be underestimated during high accelerations or when running a strongly curved 

path 90,91,154,156. Hysteresis effects due to filtering of the signal may further degrade the 

accuracy of speed estimates 156. It should be realised that feedback on an underestimated 
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speed may stimulate the runner to run too fast. As a result, feedback on running speed may 

inadvertently promote injury risk, deteriorate performance or demotivate the runner. 

Furthermore, speed is essential for an accurate biomechanical assessment (Chapter 6). 

Therefore, improvements in the accuracy and stability of the speed estimate are desired.  

Data of Witte and Wilson 156 show that the error in GPS-speed (measured and recorded 

at 1Hz) increases with running speed, with an absolute median error around 0.432 km•h-1 

at 10 km•h-1 to 1.8 km•h-1
 at 25 km•h-1. The step of a runner may take less than 0.3 s, and 

GPS positioning should be able to track quick directional changes even when a runner is 

running at 6.9 m×s-1. The sensor collects the raw GPS-signal with a particular sample 

frequency. Embedded algorithms extract the GPS-position and store the results with a 

certain recording frequency. In running, the recording frequencies of wearable devices are 

typically between 1 and 5 Hz. Depending on the device, GPS may be sampled at the same 

rates. The relatively low sampling frequency provide explanation why the accuracy in fast 

running is typically lower than in slower running 92,156. Recently, additional alternatives to 

GPS have become available in commercial devices, including GLONASS, Galileo and BeiDou, 

with improved accuracy as a result 361,362. Despite these advancements, and given the 

limitations of signal transmission and relatively low sample rates with GPS, it might still 

prove useful to enhance GPS-speed using the embedded sensors such as accelerometers, 

gyroscopes and magnetometers, which typically have much higher sampling rates. To 

place it in perspective, accelerometers or gyroscopes are typically set at sample rates above 

20Hz to allow the detection of human movements and it is not uncommon for smartphones 

to be able to sample at 200Hz.  

The GPS-based speed can be enhanced by fusion with a speed estimate based on an 

accelerometer. In Chapter 3, we suggested to fuse speed based on contact time and GPS. 

Also, in Chapter 5 we indirectly used sensor fusion, since we removed outliers in 

aggregated datasets using the GPS speed-stride frequency relationship. With the Dual-axis 

model from Chapter 6, we suggest that the displacement of the runner’s centre of mass 

will be largely explained by stride frequency and duty factor at a given speed. The proposed 

Dual-axis model would prove valid when indeed stride frequency and duty factor explain 

the variation in running speed. Duty factor can be derived from stride frequency and 

contact time Thus stride frequency and contact time combined would predict running 
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speed likely better than only one of both. It is therefore likely most effective to use both 

stride frequency and contact time to improve GPS-based speed estimates.  

Context and labelling 

An encompassing and challenging issue for accurate and adequate data interpretation is 

context awareness 22,24. Newell 363 divined three sources of contextual constrains: task, 

environment and organismic constraints. Accordingly, context awareness may pertain to 

aspects of the environment, such as weather and terrain conditions, that may affect the 

runner's movements and behavioural choices. The organismic context includes the 

biomechanical and physiological relationships investigated in Chapters 3-6. We can 

conclude that leg length should be taken into account to adequately identify running styles 

(Chapters 3, 5, 6). Also, the physiological status like fitness, strength or fatigue are 

organismic constraints that may affect running technique. The environmental and 

organismic constraints interact with the task constraints, resulting in a contextual bound 

unique movement pattern 363. Therefore, movement patterns are only optimal for 

individuals in a very specific context and data should be labelled accordingly. This implies 

that the search for a putative generic optimal movement solution is elusive. Likewise, it 

would be a misconception to expect that context awareness can be accounted for in its 

entirety. Perhaps it might even be unnecessary since the runner may be aware of his or her 

context (environment, physical state) and the runner may already be able to interpret the 

feedback correctly. Nevertheless, information should be sufficiently complete to allow 

interpretation and it remains a legitimate pursuit to reduce unexplained variance; starting 

with the variables that matter most.  

In agreement with previous researchers, we conclude that isolated biomechanical 

parameters do not contain sufficient information for the identification of running 

techniques (Chapter 6). It is thus imperative to take biomechanical dependencies into 

account to adequately assess and categorise running technique. The Dual-axis model from 

Chapter 6 posits that various running styles can determined based on speed, stride 

frequency and duty factor alone. Fortunately, these key parameters can be readily 

measured with several commercially available devices, implying that it is technically 

possible to identify running styles in accordance with the Dual-axis model. Based on an 

extensive synthetic review of the literature, we have come to the conclusion that the Dual-
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axis model describes the fundamental characteristics of running technique. This 

conclusion should be viewed as a hypothesis that provides a useful basis for future research 

on the identification of running styles from a biomechanical point of view. In particular, 

we recommend that future research activities focus on the validation of the Dual-axis 

model as a function of, and in interaction with environmental, organismic and task 

constraints.  

Benchmarking 

Benchmarked feedback against a normative value allows the runner to get a sense of what 

can be considered as right or wrong. For a runner, it might be tempting to try to run and 

train as a world-class athlete. In contrast, wearable manufacturers may provide averages 

over a (very) heterogeneous population. Both instances of benchmarking may not lead to 

an appropriate stratification, and, as a result, conclusions may not be valid, or applicable 

for an individual runner. Overgeneralisation creates a significant threat for reliable 

comparison and benchmarking of results. Appropriate benchmarking requires that 

contextual differences are taken into account. In particular, running speed should be 

normalised (Chapters 3, 5, 6) and individual properties, such as leg length, should be 

considered when individuals are compared. As a result of many potential contextual 

variations, benchmarking will (always) suffer from uncertainty of reference values 

assessed in a different context.  

Marked differences in training behaviour, injury risk and motivation may exist even 

within the group of recreational runners. Such differences result in ill-matched 

interindividual comparisons when ignored (Chapter 7). Meta-analyses of multi-faceted 

constructs, such as injury prevalence and performance, may readily suffer from over-

generalisation. Without adequately taking relevant information into account, 

heterogeneity issues may occur, resulting in a false conclusion that no differences exist 

(Type II error). Insufficient stratification may explain why evidence-based practical 

guidelines for injury prevention and performance in relation to training behaviour, running 

technique, fatigue, or shoe corrections have limited scientific background 54,168–170,312,364. To 

allow fair comparisons, the results of Chapter 7 suggest that the group of runners currently 

classified as ‘recreational’ requires a more specific (sub)stratification. A practical solution 

would be to compare runners based on their current race prognoses. In this doctoral 
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dissertation, we have explored less common and new stratifications, which may prove 

useful for future research and feedback applications. For the subdivision of training types, 

we used recovery, endurance, tempo run, extensive intervals, and intensive intervals. We 

divided the injury regions in cranial-caudal, dorsal-ventral, medio-lateral, and the 

running styles in Walk, Bounce, Hop, Push, Sit. Many of the aspects on which runners may 

differ may relate to performance. Therefore, to stimulate realistic training goals, it might 

be appropriate to benchmark runners’ behaviour and technique with runners with similar 

to slightly better running performances (Chapter 7). 

Even if measurement errors and contextual variations are taken into account, it is 

unlikely that all variance can be explained. One practical solution would be to benchmark 

feedback against reference values based on a personal training history (Chapter 5). 

Benchmarking against historical results would specifically prove useful in identifying and 

communicating changes. However, it may not directly provide insight into the most 

desired behaviour. As an alternative, we explored the use of heart rate to assess an 

energetic optimal running style (Chapter 4). Theoretically, an optimal target value can be 

estimated based on any voluntarily modifiable parameter. In Chapter 4 we used an 

experimental setup. However, any experimental setup will pose a challenge to ecological 

validity. For example, order effects as a result of cardiac drift are likely and a specific rest-

interval duration will hamper generalisation across training protocols. Alternatively, an 

energetic optimum could be determined based on data collected during multiple training 

sessions. In any case, the runner should be challenged to run with sufficient variation to 

assess an optimum. Even with imposed variation, it will remain a tall order to tease apart 

variation due to gait modification, contextual variation and variation due to measurement 

errors. Research suggests that runners with sufficient experience may adopt a stride 

frequency that is close to their energetically optimal stride frequency 47,48,52,164,328. One 

concern is that the most economical running style may not apply to the future physical 

state of the runner. Therefore, reaching a personal optimum does not mean that the runner 

cannot make progress anymore. In other words, an economical running style is temporary 

relevant, but may not necessarily provide the best guideline for (desired) potential future 

performances. In sum, each of the benchmark methods may has its merits and limitations 

as summarised in Table 8.1.  
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A new perspective on feedback 

As argued in the preceding, it is not feasible to take all contextual and individual 

factors into account that are required to provide accurate reference values. But how precise 

does the feedback need to be, and will the feedback eventually result in optimal 

performance? The ultimate goal of feedback on running technique is to modify movement 

patterns to enhance performance and reduce injury risk. As previously argued, an optimum 

may not necessarily reflect a runner's potential or future physical state. To further explore 

this issue let us consider an energy cost-relation of a certain biomechanical parameter at 

a certain point in time for some runner (parameter X, Figure 8.2). What if this runner 

wants to wants to improve his running technique? The energy cost-relation will likely 

need to shift to a new target state. As a result, the current energetic ‘optimum’ differs from 

the new ‘target optimum’.  

According to Hadders-Algra 365: p1842 “Variation implies the presence and expression of 

a broad repertoire of behaviours for a specific motor function”. In Figure 8.2 the variation 

in parameter X is illustrated by the width of the energetic optimum curve and its position 

on the x-as. Not all runners from Chapter 4 were equally capable to run with all imposed 

stride frequencies, which may suggest that these runners had a more limited movement 

repertoire. To enhance learning, variable practice has been proven to be more effective than 

constant practice in baseball 366, wheelchair propulsion 367 and in learning a tennis serve 368. 

Correspondingly, the better runners in Chapter 7 trained with more variable training 

types. The need for variation in training sessions is also in agreement with the idea that 

monotonous loading of body structures should be avoided 138,335,369. 

Table 8.1. Various benchmark methods, their benefits and disadvantages 

Method Uncertainty Disadvantage Use 
Population Operation; 

Context; 
Individual 

High uncertainty  Sense of direction if an appropriate 
comparison is made 

History Context No direction Indicates changes over time 
 

Optimum Context Temporary Temporary beneficial for self-
optimisation. May not provide direction 
for realizing long-term potential.  
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Even without imposing variation, a degree of movement variability will remain. Even 

highly experienced athletes do not and cannot generate identical movements in repetitive 

tasks 134. These small adjustments in movement execution are denoted as motor variability 
335,365. Variability can be considered right or wrong. For example, variability may suggest 

that the movement is unstable, or be indicative of a suboptimal movement pattern that 

may require additional energy 134,370. Alternatively, variability can be regarded as functional 

to allow adaptation to the environment, reduce monotonous loading, and facilitate skill 

acquisition 134,370. According to Hadders-Algra 365: p1842, “Variability denotes the capacity to 

select from the repertoire the motor strategy that fits the situation best”. Figure 8.2 

visualises variation around the current optimum. Variability, the momentaneous selection 

of an appropriate running style, may depend on temporal contextual constraints such as 

fatigue. Therefore, kinematic changes in a running style associated with fatigue can be 

regarded as a coping strategy to reduce injury risk or maintain performance in changing 

context 371. Variability may also be useful to prevent local fatigue, for example, to maintain 

 

Figure 8.2. Illustration of two hypothetical energy cost curves in relation to a biomechanical 
parameter. The Current state curve reflects the current energy cost curve. In the current 
state, the runner may prefer a non-optimal run technique (Current preference) and can 
improve by moving to the Current optimum. After training, the runner might have expanded 
its variation and may be able to select from a larger repertoire of movements. Along with a 
change in variation, the energy cost curve may shift as well as the optimum. Therefore, a 
distinction should be made between a current optimum and a target optimum. This figure 
suggests the importance of variation to facilitate the learning of new movement patterns. 
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running speed at the end of a race 372, runners may change their running style to load 

muscle groups differently.  

A potential consequence of monotonous feedback might be that a runner converges 

to a rigid movement pattern and loses adaptability to modify movement patterns to new 

situations. It could be argued that feedback in current applications is too monotonous. 

Besides, it is feasible that a wrong target value for a given situation and individual may 

result in performance deterioration. By implementing variation in the training sessions, 

the movement repertoire (variation), the ability to select the appropriate technique 

(variability) and thus self-optimisation may improve. Running at different speeds, and 

with imposed gait modifications (Chapter 6) may help to stimulate a larger repertoire of 

movements. It might be necessary to redesign feedback applications to stimulate variation 

so that runners are challenged to adapt to new situations. 

Conclusion  

Based on the current state of wearable technology, considerable improvements can 

be made in the accuracy and interpretation of wearable data to provide feedback on 

running technique. This dissertation explores some of the myriad ways in which the 

quality, and thus the usefulness, of feedback might be improved. Key parameters to 

identify running styles are speed, stride frequency and contact time. These metrics are 

relatively straightforward to measure, but not yet accommodated by all wearable devices 

used in running. These same key parameters can also be used to enhance the GPS-based 

speed estimate in the post-processing of the data. Even when with substantial efforts 

variation due to measurement errors are removed and contextual causes of variation are 

considered, there remain two principal concerns in the use of target values (such as an 

optimum based on historical data). Firstly, target values derived from another context 

might be appropriate to another situation or individual. Secondly, directed feedback may 

stimulate monotonous behaviour. Monotonous behaviour is believed to be ineffective for 

motor learning and may increase injury risk. Instead, we suggest that feedback should 

encourage variation to boost performance while avoiding injuries. Variation will allow the 

runner to explore new movement strategies, improve the ability to adapt and stimulate 

self-optimisation. To empower effective adaptation through feedback we believe that 

variation, variability and gait modifications should be part of the research agenda. 
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