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SPORTS PERFORMANCE

Assessment of contact involvements and scrums in international rugby union 
match-play using video analysis and microsensor technology methods
Fraser A. Menzies a,b, Jack Walshb, Andy J. Boydb and Anthony P. Turner a

aInstitute for Sport, Physical Education and Health Sciences, University of Edinburgh, Edinburgh, UK; bHigh Performance Department, Scottish Rugby 
Union, Edinburgh, UK

ABSTRACT
This study sought to assess the validity of contact involvement (CI) detection using microsensor technol
ogy (MST, Catapult Vector) within the context of a Tier One national rugby union (RU) squad, consisting of 
44 players. Sensitivity of MST units to detect CI and scrums was assessed in eight test matches, by 
comparison with match data obtained by video analysis. This paper is the first to assess the sensitivity of 
MST to the full range of skilled CI which occur in RU, including evaluating “non-performance” collisions, 
such as incidental collisions or foul play. Sensitivity to tackles made (52.9–84.9%) and ruck hits (53.3– 
87.2%) was lower than previous research, although ball carries (71.9–93.5%) showed broadly similar 
sensitivity to established results. The sensitivity of the MST to detect scrums was substantially lower than 
previous findings, with large positional variation evident (51.4–91.5%). Further refinement of MST soft
ware should be considered in order to facilitate valid monitoring of RU performance and injury risk. An 
additional finding was that video analysis generally demonstrated satisfactory intrarater reliability. This 
result supports the use of video analysis as a reliable method of assessing RU performance, including CI.
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Introduction

Rugby union (RU) performance is characterised by 
a combination of locomotive events and contact involvements 
(CI) (Quarrie et al., 2013). CI include dynamic actions such as ball 
carries, tackles, and rucks; and low velocity skills such as mauls 
and scrums (Coughlan et al., 2011; Cunniffe et al., 2009). 
Quantifying CI may benefit sports science and medicine practi
tioners in load monitoring and injury surveillance, given that 
ball carry and tackle events are the most frequent mechanisms 
of injury in RU (Williams et al., 2013). Assessment of CI has 
traditionally been conducted by video analysis (Austin et al.,  
2011; Quarrie et al., 2013; Reardon, Tobin, Tierney, Delahunt, & 
Maher, 2017; Roberts et al., 2008). Match analysis of rugby 
sevens has demonstrated typical error of measurement of 
video analysis to be < 8% (Ross et al., 2015). Similarly, our 
internal observations have shown that video analysis of RU 
skills can be conducted with excellent reliability, with intraclass 
correlation coefficient values ranging from 0.91 to 1.00, 
although these results remain unpublished. Despite this, the 
potential for human error within video analysis has been the 
subject of criticism (Chambers, Gabbett, Gupta, et al., 2019; 
Reardon, Tobin, Tierney, & Delahunt, 2017; Tierney et al.,  
2020). Furthermore, the labour-intensive nature of conducting 
video analysis has been noted as a barrier to its implementation 
(Till et al., 2020).

The use of micro-sensor technology (MST) in RU, most com
monly housed in global positioning system (GPS) units, pre
sents an opportunity for practitioners to quantify CI in real-time 
using accelerometers, gyroscopes and magnetometers 
(Gabbett et al., 2010). The detection of CI by MST is facilitated 
by a process of sensor fusion: incorporating accelerometer and 
magnetometer data with gyroscopic data to improve the accu
racy of orientation estimates, whilst also accounting for gyro
scopic drift (Bergamini et al., 2014).

PlayerLoad, a proprietary metric representing the sum of tri- 
axial accelerations (Catapult Innovations, Melbourne, Australia), 
has previously been studied to assess the efficacy of acceler
ometer-based CI measurement. Large to very large relation
ships have been observed between PlayerLoad and video- 
coded CI (ball carries, tackles, rucks and scrums) count (Roe 
et al., 2016). However, a possible confounding factor is the 
strong correlation observed between PlayerLoad and running 
volume, potentially limiting the utility of PlayerLoad as a proxy 
measure of CI (Roe et al., 2016).

Further study investigated the relationship between the 
count of specific video-coded CI and MST-identified CI based 
upon varying thresholds of g forces (Reardon, Tobin, Tierney, & 
Delahunt, 2017). Even when the g force threshold was opti
mised to minimise the smallest mean difference between video 
and MST methods, there was still a marked variation which 
resulted in as much as 98% underestimation or 74% 

CONTACT Anthony P. Turner Tony.Turner@ed.ac.uk Institute for Sport, Physical Education and Health Sciences, University of Edinburgh, Edinburgh EH8 8AQ, 
UK
Please note since this study was conducted, FM is now additionally affiliated with: Carnegie Applied Rugby Research (CARR) Centre, Carnegie School of Sport, Leeds. 
Beckett University, Leeds, United Kingdom

JOURNAL OF SPORTS SCIENCES                        
https://doi.org/10.1080/02640414.2024.2313837

© 2024 The Author(s). Published by Informa UK Limited, trading as Taylor & Francis Group.  
This is an Open Access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, 
distribution, and reproduction in any medium, provided the original work is properly cited. The terms on which this article has been published allow the posting of the Accepted Manuscript in 
a repository by the author(s) or with their consent.

http://orcid.org/0009-0006-4717-3605
http://orcid.org/0000-0003-1202-6649
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/02640414.2024.2313837&domain=pdf&date_stamp=2024-02-07


overestimation of CI by MST. Furthermore, their study assessed 
the count of all CI, rather than the sensitivity of MST to identify 
individual video-coded CI. STATSports Viper (STATSports, 
Newry, Northern Ireland) devices demonstrated ability to iden
tify tackle and carry events with a sensitivity of 93.9% (MacLeod 
et al., 2018). Collision Load (STATSports), a metric incorporating 
CI velocity, duration and peak force, was significantly greater 
during dominant tackle and carry events compared with pas
sive events (as assessed by video). This finding has relevance for 
subsequent research, given that the sensitivity of MST may 
feasibly vary depending on CI dominance. However, rucks 
were not included in their analyses, limiting the application of 
their findings (MacLeod et al., 2018). Another study developed 
an MST algorithm to differentiate between tackle and ruck 
events (Chambers, Gabbett, Gupta, et al., 2019). Although this 
algorithm showed promising results, it was developed based 
upon one-on-one tackle events (i.e., not including assist tack
lers), and covered only a partial range of the CI typical in RU.

A separate study demonstrated an MST algorithm with 
a sensitivity of 90–98% and 94–91% for detection of scrums 
during RU match-play and training, respectively (Chambers, 
Gabbett, & Cole, 2019). Given that scrums are unlikely to be 
identified as CI by MST (due to the relatively low velocity and 
displacement at the point of contact (Preatoni et al., 2013)), the 
finding that MST algorithms can independently identify scrums 
with high sensitivity has the potential to provide RU practi
tioners with a more comprehensive understanding of the phy
sical demands experienced by forwards.

More recently, efforts have been made to quantify a greater 
range of CI (carries, tackles, and rucks) (Tierney et al., 2020). The 
count of MST-identified CI demonstrated nearly perfect correla
tions with both Collision Load (STATSports) and the count of 
video-identified CI. Furthermore, greater Collision Load values 
were observed in backs than in forwards (Tierney et al., 2020), 
which supports previous suggestions (Reardon, Tobin, Tierney, 
& Delahunt, 2017) that backs tend to experience greater forces 
during CI than forwards, owing to greater running velocities 
prior to contact, although discrepancies in body mass will cause 
fluctuation in the force experienced during CI, given that 
momentum is the product of mass and velocity.

However, correlational research has limited application 
when assessing the utility of MST to identify CI, as a strong 
correlation between the count of MST-identified and video- 
coded CI does not necessarily indicate the ability of MST to 
accurately identify individual CI, and to distinguish these from 
noise signals of non-CI skills. Pearson correlation coefficient 
values consider the degree of association, rather than absolute 
agreement; therefore, exclusive reliance upon correlation ana
lyses may be considered unsuitable in the validation of new 
measurement techniques (Altman & Bland, 1983).

To date, there is a lack of published research detailing the 
sensitivity of MST across the full range of CI known to occur in 
RU. Additionally, it is known that CI might occur under circum
stances that would not be classified as skilled performance, 
such as incidental collisions or deliberate foul play. These 
events, termed in this paper as “non-performance collisions”, 
have been alluded to in previous research (Reardon, Tobin, 
Tierney, & Delahunt, 2017) but have yet to be appropriately 
quantified.

The validation of CI detection by MST has been praised as 
a time-efficient alternative to supposedly error-prone video 
analysis (Chambers, Gabbett, Gupta, et al., 2019; Reardon, 
Tobin, Tierney, & Delahunt, 2017; Tierney et al., 2020). 
However, studies to date have failed to cite any supporting 
evidence for poor reliability of video analysis. Furthermore, 
despite relying on video analysis as a reference comparator, 
studies have failed to assess the reliability of their own video 
analysis methods (Reardon, Tobin, Tierney, & Delahunt, 2017; 
Tierney et al., 2020).

The primary aim of this paper was to assess the validity of 
detection of skilled CI, non-performance collisions and scrums 
using Catapult Vector S7 (Catapult Innovations) devices. 
Furthermore, this study sought to determine the intrarater 
reliability of video analysis.

Methods

Participants

The study received institutional ethical approval prior to com
mencement. Players gave consent for their data to be used for 
research purposes as part of their standard playing contracts. 
Players were selected for inclusion if they played for the senior 
male national RU team in 2020. A total of 44 male players’ (age  
= 27.9 ± 2.9 years, body mass = 105.4 ± 12.2 kg, height = 187.3  
± 6.9 cm) data were pooled for analysis. Positional groups were 
coded as forward or back, with nine specific sub-groups (prop, 
hooker, second row, back row, scrum half, fly half, centre, wing, 
full back) (Reardon, Tobin, Tierney, & Delahunt, 2017).

Procedures

Eight matches in 2020 were selected for inclusion. Matches were 
coded by a performance analyst with four years of vocational 
experience in professional RU. Four video files (television feed, 
tight, wide, and end-on angles) were synchronised in Hudl 
Sportscode version 12.2.36 (Hudl, Lincoln, USA), to improve the 
accuracy of video analysis. The operational definitions for video 
analysis used in this study aligned to those routinely employed in 
the squad of interest, with the addition of non-performance colli
sions and collision events, to ensure the analyst was familiar with 
the coding protocol. These were in line with World Rugby’s “Laws 
of the Game”. For instance, this protocol used the World Rugby 
definition for a tackle (i.e., ball carrier must be brought to ground 
for the defender’s action to be considered a completed tackle). The 
operational definitions were developed in collaboration with 
a second experienced performance analyst with six years of voca
tional experience in professional RU (see Figures 1 and 2). CI were 
coded at the initial point of contact with the ground or another 
player. To assess intrarater reliability, one randomly selected match 
was recoded one month after initial coding, as per previous 
research (Ross et al., 2015). 

Players wore Catapult Vector S7 (Catapult Innovations) devices 
in a playing shirt pocket situated between the scapulae on the 
upper thoracic spine. Devices were equipped with an acceler
ometer sampling at 1000 Hz (±16 G in three dimensions), gyro
scope (±2000º/s in three dimensions) and magnetometer 
(±4900µT), all providing data at 100 Hz. Devices were turned on 
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during the warm-up and remained on for the duration of each 
match, with players using the same device on each occasion to 
minimise inter-device variability (Buchheit & Simpson, 2017). After 
each match, data were downloaded to Catapult OpenField soft
ware (versions 2.7.0 to 3.2.0, varying as updates were released; 
Catapult Innovations), and files were trimmed to the duration that 
player spent on the field during match-play, excluding half-time. 
Instances of “rugby union contact involvement” and “rugby union 
scrum”, with confidence levels ≥ 50% and ≥ 25%, respectively 
(derived from the decision tree classifier), were exported in “.csv” 
format. If a scrum occurred alongside a candidate CI, the scrum 
took precedence and would override any potential CI, as per the 
manufacturer’s design.

Statistical analysis

All data (video coding and MST) were exported to Microsoft Excel 
for Mac version 16.50, and the timelines were aligned using the 
start of the first half as a synchronisation point to facilitate analysis. 
Intrarater reliability for video coding was assessed in IBM SPSS 
Statistics for Macintosh version 25.0.0.1 using a two-way mixed 
model, absolute agreement, intraclass correlation coefficient (Koo 
& Li, 2016).

Formulae were written in Microsoft Excel to assess whether 
each video-coded event corresponded to an MST-identified CI 

or scrum. For MST-identified CI and scrum events, a time win
dow starting at three seconds prior to the MST start time, and 
ending three seconds after the MST end time was used, to 
account for minor discrepancies in on-board clock time of the 
devices. These timeframes, developed using a pilot testing 
process, were deemed to represent an acceptable balance 
between capturing true positive CI, and minimising the risk of 
identifying erroneous false positive CI. If the timestamp on 
video-coded events corresponded to an MST-identified event, 
a positive result was returned.

As per previous research (MacLeod et al., 2018), MST sensi
tivity was calculated as the count of true positives (video-coded 
CI with corresponding MST CI), divided by the sum of true 
positives and false negatives (video-coded CI without corre
sponding MST CI). When determining the sensitivity of CI 
detection, only video-coded events which incorporated 
a collision event (as defined in Figure 1) were considered for 
inclusion. Without this distinction, events that did not incorpo
rate a CI (such as scoring a try without being tackled or diving 
on the ground), and where MST would therefore not be 
expected to detect CI, may have led to apparent false negative 
results. MST data were subsequently synchronised with video 
footage in Catapult Vision version 3.7.1 (Catapult Innovations), 
enabling subjective analysis of skill types where MST demon
strated low sensitivity, to gain a richer understanding of the 
factors that may have contributed.

Figure 1. Operational definitions for attacking skills, scrums, and collision events.
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Results

The discrepancy between video-coded and MST-identified 
CI is shown in Figures 3 and 4, presented as percentage 
difference from video-coded CI (Giavarina, 2015). The results 
in Figures 3 and 4 demonstrate that CI count obtained by 
MST is lower than the count of video-coded CI in the vast 
majority of instances. MST sensitivity for CI detection is 
displayed in Table 1. MST sensitivity for scrum detection 
within the forwards is displayed in Table 2.

Intrarater reliability of video analysis is presented in Figure 5, 
with 95% confidence intervals interpreted based on published 
recommendations (Koo & Li, 2016). 

Discussion

This aims of this study were to assess the validity of Catapult Vector 
S7 (Catapult Innovations) MST devices in identifying CI and scrums, 
and to establish the reliability of RU video analysis. The sensitivity 

Figure 2. Operational definitions for defensive skills.

Figure 3. Bland-Altman plot comparing CI count for forwards. CI = contact involvement; LoA = 95% limit of agreement; MST = microsensor technology.
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of MST to identify CI showed large variation depending on the skill 
type (highest for carries into contact, which were broadly in agree
ment with previous research (MacLeod et al., 2018), lowest for 
missed tackles) and positional group of interest (generally greater 
in forwards than backs). The findings of this study demonstrate 
that video analysis can generally be conducted with excellent 
intrarater reliability, although some variables such as latches and 
non-performance collisions had lower reliability.

The results obtained in this study show that relying upon the 
count of MST-identified CI is likely to lead to a mean under
estimation of the true CI volume players experience in senior 
RU, by 30% for forwards and 43% for backs. One possible 
contributing factor is the design of the Catapult CI algorithm, 
which removes smaller peak accelerations if multiple peaks are 
identified within a rolling two second period. In practice, as 
observed during the subjective analysis, this is likely to lead to 

Figure 4. Bland-Altman plot comparing CI count for backs. CI = contact involvement; LoA = 95% limit of agreement; MST = microsensor technology.

Table 1. Sensitivity of MST to identify CI.

Coding Variable
Forwards 
(n = 24)

Prop 
(n = 7)

Hooker 
(n = 3)

Second Row 
(n = 6)

Back Row 
(n = 9)

Backs 
(n = 20)

Scrum Half 
(n = 3)

Stand Off 
(n = 4)

Centre 
(n = 8)

Winger 
(n = 7)

Full Back 
(n = 2)

Collision Event 68.4% 72.8% 72.1% 62.2% 68.6% 58.4% 46.4% 45.9% 61.2% 68.9% 61.9%
Non-Performance Collision 34.3% 35% 36.6% 34.1% 33.5% 29.2% 22.1% 22.9% 30.5% 41.6% 31.9%
Attacking Maul Hit 64.4% 84.3% 58.3% 45.5% 66.0% 64.7% 0.0% 0.0% 71.4% 70.0% –
Attacking Ruck Hit 74.5% 76.7% 75.3% 69.7% 76.2% 75.2% 70.4% 71.4% 72.9% 80.3% 79.6%
Latch 87.0% 80.0% 77.8% 87.8% 92.5% 83.3% 100.0% 0.0% 91.7% 100.0% 50.0%
Ball Carry 90.0% 93.5% 90.0% 90.6% 87.8% 87.0% 88.0% 71.9% 85.9% 92.6% 87.3%
Effective Ball Carry 90.7% 93.1% 91.8% 90.7% 89.0% 87.3% 84.6% 76.9% 89.7% 90.5% 84.9%
Ineffective Ball Carry 86.9% 95.5% 82.4% 90.0% 83.3% 85.7% 91.7% 50.0% 64.3% 100.0% 100.0%
Contact 91.7% 95.0% 92.1% 92.0% 89.5% 91.1% 89.5% 95.0% 87.5% 91.9% 94.2%
Tacklebreak 76.7% 40.0% 40.0% 71.4% 92.3% 69.0% 75.0% 68.8% 81.3% 74.1% 54.2%
Offload 86.8% 100.0% 100.0% 90.9% 81.8% 77.4% 83.3% 66.7% 87.5% 100.0% 57.1%
Clean Break – – – – – 50.0% – 100.0% 0.0% – 100.0%
Try 70.0% 100.0% 83.3% 100.0% 0.0% 100.0% – – 100.0% 100.0% 100.0%
Defensive Maul Hit 68.0% 70.7% 85.3% 62.5% 65.9% 16.7% – 0.0% 33.3% 0.0% –
Defensive Ruck Hit 80.6% 82.1% 87.2% 78.7% 78.5% 70.2% 53.3% 60.0% 79.3% 71.0% 70.6%
Tackle Made 80.3% 81.8% 84.9% 75.0% 81.3% 70.7% 79.2% 52.9% 77.6% 71.7% 57.7%
Dominant Tackle 65.2% 85.7% 85.7% 22.2% 69.6% 75.9% 75.0% 50.0% 85.7% 75.0% 75.0%
Effective Tackle 83.7% 75.0% 100.0% 79.4% 88.9% 75.0% 83.3% 50.0% 91.7% 70.0% –
Passive Tackle 81.0% 84.0% 83.1% 78.4% 80.3% 69.2% 79.4% 53.7% 74.7% 71.4% 54.5%
Tackle Assist 74.9% 86.9% 76.6% 65.0% 72.2% 60.3% 61.1% 66.7% 54.7% 65.0% 66.7%
Dominant Assist 77.9% 84.2% 80.0% 69.2% 80.6% 61.9% 60.0% 100.0% 50.0% 100.0% 100.0%
Tackle Missed 57.8% 40.0% 50.0% 69.2% 64.3% 39.7% 44.4% 35.0% 38.1% 52.9% 16.7%
Positional Miss 100.0% – – – 100.0% 25.0% – – 0.0% 100.0% 0.0%
Technical Miss 56.8% 40.0% 50.0% 69.2% 61.5% 40.0% 44.4% 33.3% 40.0% 50.0% 25.0%

Note. “-” indicates that no video-coded skills incorporated a collision event in a given positional group. “n” refers to the number of players that played in this position; 
this is greater than the number of participants in this study as coding descriptors were linked to the position played by a player in each given match.

Table 2. Sensitivity of MST to identify forwards’ scrums.

Coding Variable Forwards Prop Hooker Second Row Back Row

Scrum Hit 74.2% 91.5% 76.4% 51.4% 78%
Scrum Reset 20.8% 26.7% 0.0% 36.7% 13.3%
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instances where multiple CI are erroneously grouped together 
as one MST-identified CI. For instance, a tackler who releases 
the ball carrier and immediately competes for possession at the 
defensive ruck may undergo two distinct CI (as identified by 
video analysis), which would be grouped together by MST. This 
methodology must be borne in mind as it is likely to cause 
substantial underestimation of the true CI volume experienced 
by players.

One factor that could feasibly influence MST sensitivity to 
tackles is the magnitude of acceleration detected by the accel
erometer. MacLeod et al. (MacLeod et al., 2018) demonstrated 
that dominant tackles exhibited significantly greater velocity, 
but not impact force (g), compared with neutral and passive 
tackles. In the present study, forwards had the greatest sensi
tivity to passive tackles, compared with effective and dominant 
tackles. Conversely, backs had marginally greater sensitivity to 
dominant and effective tackles, compared with passive tackles. 
Given that video assessment of tackle dominance is guided by 
the tackle outcome (net territory gain or loss), a simplistic 
model might reasonably expect passive tackles to involve 
a greater magnitude of acceleration for the tackler. This can 
be explained due to the tackler advancing forwards towards 
the ball carrier before being accelerated back towards their 
own try line as they concede territory. This assumption is 
based on front-on tackles, although it is known that RU tackles 
may occur front-on, side-on (Hendricks et al., 2014), or from 
behind in the case of a cover tackle, increasing the complexity 
of analysing the biomechanics of the tackle event. The present 
study did not differentiate between front-on and side-on 
tackles, although this would be a valuable addition to future 
study of MST sensitivity. Furthermore, it should be noted that 
other factors (body mass, velocity, tackle technique) (Hendricks 
et al., 2014), as well as the inclusion of sequentially arriving 
players (assist tackler, or attacking player latching on to the ball 
carrier) (Hendricks et al., 2020) add greater complexity to ana
lysis of the tackle event.

Despite the suggestions that backs experience greater 
forces during CI, owing to greater pre-contact velocities 
(Reardon, Tobin, Tierney, & Delahunt, 2017; Tierney et al.,  
2020), backs showed similar or marginally lower sensitivity for 
CI detection than forwards across most skill types. These find
ings suggest that force magnitude is unlikely to be the principal 
limiting factor during instances of CI not detected by MST (i.e., 
false negatives), and that the limiting factor may instead be 
attributed to force direction or body orientation.

To date, no published research has assessed the capability of 
MST to identify mauls. In the present study, sensitivity for 
attacking maul detection was greatest in props, centres and 
wingers. This finding may be explained by the roles typically 
played by these positions during lineouts (where most mauls 
originate). For instance, props are frequently involved in lifting 
jumping players in lineouts. Therefore, props would often be 
the first players to join the maul, leading to more rapid changes 
in posture (and therefore device pitch) than other forwards 
joining an attacking maul. Conversely, backs generally begin 
at least 10 metres behind a lineout, and are likely to join 
attacking mauls with a greater approach velocity than forwards, 
resulting in a greater deceleration and change in orientation at 
the point of collision, increasing the likelihood of CI detection 
by MST.

MST showed lower sensitivity to defensive mauls. Subjective 
comparison of video-coded and MST timelines identified two 
potential causes: the tactical approach of players delaying their 
engagement with the maul to maintain effective defensive 
positioning; and, the posture of jumping players joining the 
maul. If a player jumps to compete for possession at the defen
sive lineout, then upon landing they are often held upright in 
the maul. In this situation, it is possible that postural deviation 
of MST may be insufficient to be identified as a CI. Further study 
of MST maul detection would benefit from specific analysis 
considering the technical subtleties of positional roles (e.g., 
jumper, lifter, player with delayed engagement in the maul).

Figure 5. Intrarater reliability of video analysis. Bold circles represent the intraclass correlation coefficient value, and black bars represent the 95% confidence interval.
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Given this was the first study to quantify the volume of non- 
performance collisions, the operational definition was inten
tionally broad. Sensitivity for non-performance collisions was 
lower than skilled CI, likely reflecting the fact that many of these 
CI were low-intensity interactions without substantial change 
in players’ posture that would not have satisfied the MST algo
rithm conditions. Whilst many of the non-performance colli
sions coded in this study were unlikely to contribute to muscle 
damage, there were high velocity CI, which would likely still be 
noteworthy for practitioners. Future studies of MST should 
include non-performance collisions in their analyses, and 
could be refined to only include situations involving 
a substantial change in torso orientation.

The exact parameters of video coding operational defini
tions should be clearly understood by members of the multi- 
disciplinary team applying video analysis data in their field. For 
instance, late, high or otherwise dangerous tackles are unlikely 
to be routinely coded by performance analysts, because doing 
so may be seen to “reward” a player by increasing their tackle 
count. However, from the perspective of accumulating muscle 
damage, the aforementioned CI are still likely to be relevant to 
practitioners. MST may offer a solution to this issue, by objec
tively quantifying CI volume in situations which would other
wise be (intentionally) overlooked by video analysts.

The sensitivity of MST to detect scrums in the present study 
was lower than that obtained previously (Chambers, Gabbett, & 
Cole, 2019), although sensitivity of scrum hits by props in this 
study was broadly similar to previous results (91.5% versus 96% 
respectively). The reduced sensitivity in the present study is 
surprising, considering a lower confidence cut-off (25%) was 
utilised compared with the 37% cut-off suggested previously 
(Chambers, Gabbett, & Cole, 2019). Large discrepancies in MST 
sensitivity to scrums were observed between positional groups. 
Unlike previous research (Chambers, Gabbett, & Cole, 2019), 
this study analysed props and hookers separately based on 
the distinct demands of each position (Reardon, Tobin, 
Tierney, & Delahunt, 2017). MST demonstrated substantially 
lower sensitivity to scrums in hookers than in props, which 
may be attributed to one of the primary requirements of the 
Catapult scrum algorithm: namely, that the MST device pitch 
drops below horizontal during candidate events, in order to 
progress to the second (random forest classifier) stage of ana
lysis. Given that significant hip flexion is employed when hook
ing the ball in scrums, and both arms are bound around props’ 
shoulders, this may limit the extent to which hookers’ torsos 
drop towards, or below, the horizontal plane. An additional 
consideration is that different tactics (such as quickly securing 
the ball versus forcing an opposition infringement) are likely to 
influence scrummaging kinematics. If the front row drive their 
opposition upwards, then the likelihood of the MST device 
pitch dropping below horizontal may feasibly be reduced, 
leading to a false negative algorithm result.

The sensor fusion process (Bergamini et al., 2014) under
pinning CI detection considers each MST unit as an isolated 
entity. That is, random forest-plot analysis considers only the 
accelerometer, gyroscope and magnetometer data of a given 
player for determining the likelihood of that player having 
experienced a CI. However, we propose that considering the 
actions of nearby players may improve future CI detection. RU 

scrums are typically contested by eight players per side, in 
a generally predictable formation (three front row, 
two second row, and three back row players). Therefore, if 
only some of the forward positions satisfy the requirements 
for scrum detection by MST, but other forwards are in close 
proximity (determined via GPS), then they are almost certain to 
have also been involved in the scrum. This proposed example 
of team-level sensor fusion could feasibly increase the sensitiv
ity of MST scrum detection, particularly benefitting positions 
such as the back row which are prone to lower sensitivity due 
to spending less time in the necessary horizontal orientation 
(Chambers, Gabbett, & Cole, 2019).

Contrary to previous criticism of video analysis as 
a potentially inaccurate assessment method (Chambers, 
Gabbett, Gupta, et al., 2019; Reardon, Tobin, Tierney, & 
Delahunt, 2017; Tierney et al., 2020), this study demonstrated 
that video analysis can generally be conducted with satisfac
tory intrarater reliability. Scrum assessment showed perfect 
intrarater reliability, most likely due to scrums being a discrete 
skill. Lower reliability was observed for ball carry and tackle 
effectiveness, despite the count of all ball carry and tackle 
events both showing excellent reliability. This was most likely 
due to subtle distinctions between the gradings of these skills 
requiring a greater degree of subjective judgement. No tries 
were scored by the team of interest during the re-coded match. 
However, given the binary nature of try scoring, it is strongly 
expected that tries would show perfect reliability. Due to their 
relative infrequency, minor inaccuracies in coding clean breaks 
had a substantial detrimental impact on the observed reliabil
ity. Latch events had poor to good reliability, potentially due to 
the subtle temporal distinction between a latch (binding prior 
to tackle completion) and attacking ruck hit (arriving after 
tackle completion).

The large variation observed in intrarater reliability of non- 
performance collisions is most likely attributable to the novel 
inclusion of this variable during video analysis. Despite analys
ing four angles of video footage, non-performance collisions 
may have been overlooked. It is speculated that with further 
coding of a larger number of matches, non-performance colli
sions would show greater reliability.

Although video analysis was used as a reference compara
tor, and broadly demonstrated acceptable reliability, it is impor
tant to acknowledge the limitations of this method in RU. In the 
present study, all instances of skill performance were addition
ally coded as either “collision event” or “non-collision event”. 
This was deemed crucial to ensure that MST devices were being 
validated against actual CI. However, this distinction would not 
routinely be made in the context of the squad used. Our results 
demonstrated that approximately 7% of attacking ruck involve
ments did not incorporate a video-coded CI. These instances 
may represent so-called “caterpillar” rucks, in which players 
bind on to increase the length of the ruck, protecting the 
scrum half as they execute a box kick. Players joining caterpillar 
rucks are unlikely to experience significant, if any, CI, but these 
would still be coded as attacking ruck hits.

The adoption of instrumented mouthguard (iMG) technol
ogy could offer a further alternative to video/MST assessment 
of CI (Waldron et al., 2021). In principle, the tight fit of iMGs to 
players’ upper dentition should limit erroneous movement and 
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may therefore provide superior surveillance of impacts at the 
level of the head or neck, with implications for sports medicine 
practitioners. In both laboratory and field-based assessments of 
validity, iMGs have demonstrated promising (albeit highly vari
able between manufacturers) sensitivity to head acceleration 
events (Jones et al., 2022). However, given iMG are – by design – 
optimised to measure head acceleration events, it could be 
speculated that they may not detect all instances of contact 
exposure (contact occurring in the absence of a head accelera
tion event). Replication of the present study’s methods in order 
to determine the validity of iMG to detect contact exposure 
across a full range of RU skills is warranted.

Considering the relative novelty of iMG, it has been noted 
that product technical specifications and classification algo
rithms are likely to continue to evolve over the coming years 
(Jones et al., 2022). Critical to this will be ensuring that classi
fication algorithms are tailored to, and validated in, the popula
tion they are deployed in. For instance, a recent study 
addressed the issue of anatomical (reduced cervical spine sta
bility) differences of female RU players by developing 
a population-specific classifier algorithm for female RU players 
(Powell et al., 2023). These considerations are equally relevant 
for MST, given that both hardware and software are likely to be 
refined further as the adoption of MST increases. In this regard, 
it is possible that the MST devices used in this study (Catapult 
Vector S7; Catapult Innovations) may have updated their algo
rithms since the analysis phase of this study, and therefore may 
demonstrate improved sensitivity in the future. It is hoped that 
the recommendations presented in this study may inform the 
refinement of MST algorithms to further improve their accuracy 
within RU. As the proliferation of technology in sport (e.g., MST, 
iMG) evolves, rigorous and ongoing validation is recommended 
as a priority for future research.

This study is the first to demonstrate the potential utility of 
MST in identifying lower-velocity CI such as mauls, although 
further study is warranted to improve understanding of posi
tional discrepancies in maul identification. Replication of this 
study in a female squad should be considered, given that 
anatomical differences may alter skill kinematics, and therefore 
affect MST algorithm sensitivity. The advantages of video ana
lysis (ability to detect multiple events in close temporal proxi
mity, with rich contextual information) and MST (objective 
quantification of whether a force threshold has been met in 
a candidate CI) should be considered when implementing 
these methods in RU. For RU practitioners, a holistic approach 
that integrates MST and video analysis data sources is recom
mended for understanding performance demands and injury 
risk. Exclusive reliance on video analysis might lead to an over
estimation of CI volume.

Using MST to monitor CI volume may lead to an under
estimation of the true load players experience, particularly if 
body orientation does not deviate substantially during candi
date CI. As MST continues to develop, consideration should be 
given to ensuring that multiple CI occurring in quick succession 
are quantified as distinct events, to ensure that CI volume is 
a valid representation of the demands players experience, and 
to facilitate comparison with data obtained by other methods 
(such as video analysis).
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