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ABSTRACT
Tactical positioning is essential for success in short-track speed skating as the race format (direct, head-to- 
head competition over multiple laps) prioritises finishing position over finishing time. Despite this, 
current research into tactical positioning treats the race’s laps as discrete, independent events. 
Accordingly, the aggregate metrics used to summarise each lap’s tactical positioning behaviour do not 
allow us to explore the sequential nature of the data, e.g., Lap 2 occurs after Lap 1 and before Lap 3. Here, 
we capture the sequential relationships between laps to investigate tactical positioning behaviours in 
short-track speed skating. Using intermediate and final rankings from 500 m, 1,000 m, and 1,500 m elite 
short-track races, we analyse whole-race and sub-race race sequences of group and winner tactical 
positioning behaviours. This approach, combined with a large dataset of races collected over eight 
seasons of competition (n = 4,135), provides the most rigorous and comprehensive description of tactical 
positioning behaviours in short-track speed skating to date. Our results quantify the time-evolving 
complexity of tactical positioning, offer new thoughts on race strategy, and can help practitioners design 
more representative learning tasks to enhance skill transfer.
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Introduction

Short-track speed skating is a form of competitive ice speed 
skating that consists of individual events (500 m, 1,000 m, 1,500  
m) and relay events (2,000 m, 3,000 m, 5,000 m) performed 
anticlockwise on a 111.12 m oval (International Skating Union,  
2021). In all events, athletes and teams must qualify through 
several rounds of competition to reach the medal contest (e.g., 
heats, quarterfinals, and semi-finals), with each qualifying race 
characterised by multiple skaters or teams (typically four to six) 
racing head-to-head at speeds exceeding 11 m/s (Bullock et al.,  
2008; ISU, 2021). Critically, advancement through the competi
tion and medal colour depends on an athlete’s or team’s finish
ing rank and not their finishing time. For example, an athlete 
could win/qualify from semi-final 1 with a slower finishing time 
than an athlete who failed to qualify from semi-final 2 (Hext 
et al., 2022). For this reason, an athlete’s decisions regarding 
how and when to invest their limited energy resources – both 
before (strategic) and during (tactical) the race – are considered 
essential for success (Hext et al., 2017, 2022; Muehlbauer & 
Schindler, 2011). This goal-directed regulation of exercise inten
sity is known as “pacing” (Abbiss & Laursen, 2008).

In recent years, researchers have highlighted the importance 
of athlete-environment interactions for understanding pacing 
behaviour, i.e., the outcome of the strategic and tactical deci
sion-making process (Hettinga et al., 2017; Konings & Hettinga,  
2018d; Renfree & Casado, 2018; Renfree et al., 2014; Smits et al.,  

2014). For example, factors that characterise the environment 
in short-track speed skating, such as the competition stage, the 
competition importance, and preceding race efforts, all alter 
pacing behaviour (Konings & Hettinga, 2018a, 2018b). Arguably 
the most crucial athlete-environment interaction for under
standing pacing behaviour in short-track speed skating is 
those between athlete and opponent (Hettinga et al., 2017; 
Hext et al., 2022; Konings & Hettinga, 2018d). Konings and 
Hettinga (2018c) showed that the high variability observed in 
between-race finishing times is primarily due to athletes alter
ing their pacing behaviour to that of other opponents, particu
larly during the race’s early stages. Furthermore, drafting 
possibilities, competing for the optimum line, avoiding colli
sions, minimising fall risk, and overtaking all represent other 
athlete-opponent interactions that may cause an athlete to 
alter their pace (Konings et al., 2016; Noorbergen et al., 2016). 
For these reasons, previous research has investigated tactical 
positioning – i.e., athletes ranking within the race (1st, 2nd, 3rd, 
4th, etc.) – to help contextualise pacing behaviour (Konings 
et al., 2016; Noorbergen et al., 2016), explore how it can be 
learned (Menting et al., 2019), and as a subject in its own right, 
based on position being the most important performance out
come (Haug et al., 2015; Hext et al., 2022; Maw et al., 2006; 
Muehlbauer & Schindler, 2011; Sun et al., 2021).

Our understanding of tactical positioning in short-track 
speed skating is based on two levels of analysis: group and 
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individual behaviours. The group level of analysis focuses on 
the collective behaviour of all athletes in the race, with 
researchers quantifying the tactical importance of athlete rank
ing at the race start and end of each lap by using Kendall’s Tau- 
b, τb, to measure the similarity between athletes’ intermediate 
and final rankings (Haug et al., 2015; Konings et al., 2016; Maw 
et al., 2006; Menting et al., 2019; Muehlbauer & Schindler, 2011; 
Noorbergen et al., 2016; Sun et al., 2021). In contrast, the 
individual level of analysis focuses on the tactical positioning 
behaviours of individuals and usually those of the winner, 
assuming that they are the most successful at the decision- 
making process and, therefore, their actions are of interest 
(Konings et al., 2016). In this scenario, researchers quantify 
how winners position themselves at the race start and end of 
each lap by calculating the proportion of races where they 
skated at each ranking or their mean rank (Bullock et al., 2008; 
Konings et al., 2016; Maw et al., 2006; Muehlbauer & Schindler,  
2011; Noorbergen et al., 2016; Sun et al., 2021). Typically, 
researchers only use the group level of analysis to infer race 
strategy. Although, on occasions, both group and winner beha
viours are used. For example, Noorbergen et al. (2016) con
cluded that tactical positioning is crucial from the race start in 
the 500 m as there was a positive association between athletes’ 
start position and final rankings (τb = 0.38), and 51% of winners 
started in first position.

Without underestimating these approaches’ insights, the 
methods used to investigate tactical positioning behaviours 
treat the race start and each lap as discrete, independent 
events. Accordingly, the aggregate metrics used to summarise 
each lap do not allow us to explore the sequential nature of the 
data, e.g., Lap 2 occurs after Lap 1 and before Lap 3. In Table 1, 
we demonstrate how this limits our capacity to understand 
tactical positioning by analysing the tactical positioning beha
viour of winners for the “Start” and “Lap 1” in 10 races. Using 
traditional discrete lap analyses, Table 1 shows that 50% of 
winners started in 1st position (mean rank: 1.8 ± 0.9), and 60% 
were ranked 1st at the end of Lap 1 (mean rank: 1.6 ± 0.8). The 
standard interpretation of such results would infer that: (1) 
tactical positioning is crucial from the race start, and (2) 
acknowledge that some variation in tactics exists based on 
the relatively high standard deviation in winner rank. Now let 

us consider the data’s sequential structure and produce ten 
race sequences of the form: (Start position, Lap 1 rank). First, 
Table 1 shows that only one race had a sequence where the 
winner started and remained in 1st, i.e., (1, 1). Such a finding 
would question the discrete lap analysis’s interpretation that 
tactical positioning is crucial from the race start. Second, ana
lysis of the ten sequences allows us to surmise the different 
winning tactical positioning behaviours, unlike the discrete lap 
analysis, which could only propose their presence. Table 1 
reveals five unique winning sequences: (1, 3), (1, 2), (1, 1), 
(3, 1), and (2, 1), and identifies the modal sequence as (3,1), 
appearing in 3 out of 10 sequences. Note that this measure of 
central tendency also respects the semantic definition of rank, 
unlike the mean, as an athlete cannot occupy a ranking of 1.8 or 
1.6. Both examples highlight how techniques that capture the 
relationship between discrete events offer a deeper under
standing of performance in sport (Borrie et al., 2002).

State sequence analysis is a statistical framework for identi
fying patterns in temporally ordered lists of objects, states, or 
events (Lowe et al., 2020). Originally used for sequence match
ing in bioinformatics and later developed for investigating 
longitudinal patterns in the social sciences (Abbott & Tsay,  
2000; Ritschard & Studer, 2018), researchers have since applied 
sequence analysis to a variety of domains (Conway et al., 2019; 
Lowe et al., 2020; Roux et al., 2019; Vanasse et al., 2020). We 
recently demonstrated the utility of state sequence analysis for 
investigating tactical positioning in short-track speed skating 
(Hext et al., 2022). We showed that the higher level of measure
ment granularity afforded by the state sequence analysis better 
captured the complexity of tactical positioning. In the 1,000 m 
event, we detected 1,269 unique sequences of group beha
viour compared to the single sequence produced by the tradi
tional discrete lap approach, which combined the aggregate 
metrics used to summarise each lap. We concluded that captur
ing this complexity offers a more detailed understanding of 
tactical positioning that could enhance the strategic and tac
tical decisions essential for success in short-track speed skating 
(Hext et al., 2022).

For these reasons, this study investigates tactical positioning 
in short-track speed skating using state sequence analysis. 
Specifically, we use static and dynamic sequence analysis to 

Table 1. Example analysis of winners tactical positioning behaviours (n = 10) using discrete lap analysis 
and sequence analysis.

Discrete Lap Analysis Sequence Analysis

Race Id Start Position Lap 1 Rank Race Sequence

1 1 3 (1, 3)
2 1 2 (1, 2)
3 1 2 (1, 2)
4 1 3 (1, 3)
5 1 1 (1, 1)
6 3 1 (3, 1)
7 2 1 (2, 1)
8 3 1 (3, 1)
9 3 1 (3, 1)
10 2 1 (2, 1)

Ranked 1st 50% 60% –
Mean Rank 1.8 1.6 –
Standard Deviation Rank 0.9 0.8 –

Note: Starting positions are coded from 1 (innermost track position) to n (outermost track position). Lap 1 
rankings are coded Lap 1 from 1 (leading athlete) to n (last athlete).
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investigate group and winner tactical positioning behaviours in 
the 500 m, 1,000 m, and 1,500 m events. The static sequence 
analysis provides an overall view of tactical positioning beha
viours as it treats the complete race sequence (start to end) as 
a single unit of analysis. The dynamic sequence analysis pro
vides a more nuanced view of how tactical positioning evolves 
throughout the race as it evaluates nested race sequences with 
a constant endpoint (the final lap) but varying start points (e.g., 
Lap 1, Lap 2, Lap 3). To comment on the utility of accounting for 
the dataset’s sequential structure, we compare our results with 
the most up-to-date, complete race, discrete lap analyses of 
group and winner behaviours (Konings et al., 2016; Noorbergen 
et al., 2016). As such, we do not stratify our analysis by different 
environmental factors in this study.

Method

This study was approved by the Research Ethics Committee at 
Sheffield Hallam University, UK.

Dataset

Our dataset consisted of 10,804 races (500 m = 4,308; 1,000 m =  
4,056; 1,500 m = 2,440), from 62 competitions (44 World Cups, 8 
European Championships, 8 World Championships, and 2 Winter 
Olympic Games), over an 8-season period (2010/11 to 2017/18). All 
data was retrieved from the International Skating Union’s results 
website (https://shorttrack.sportresult.com/). For each race, the 
dataset contained all competitors’ starting position, intermediate 
rankings, and final rankings. The dataset coded starting positions 
from 1 (innermost track position) to n (outermost track position) 
and intermediate/final rankings from 1 (leading athlete) to n (last 
athlete). Note the deliberate distinction in terminology between 
start position and intermediate/final rankings: at the race start, all 
athletes have the same ranking but different spatial positions as 
they are distributed across a start line perpendicular to the direc
tion of the track (Hext et al., 2022).

Before analysing the dataset, we excluded races with falls, 
disqualifications, missing values, tied intermediate rankings, 
and races where the number of athletes competing was not 
equal to the event’s modal value, i.e., 4 athletes for the 500 m 
and 1,000 m, and 6 athletes for the 1,500 m. These strict inclu
sion criteria were in line with previous short-track speed skating 
research (Hext et al., 2022; Konings et al., 2016; Noorbergen 
et al., 2016). Our final dataset included 4,135 of the 10,804 races 
(500 m = 2,020, 46.9%; 1,000 m = 1,549, 38.2%; 1,500 m = 566, 
23.2%). We provide a complete breakdown of our cleaning 
procedure in Supplemental Table 1.

Data analysis

Sequence definition
We consider a sequence, xi, as an ordered, discrete-time series of 
elements, a, of length, l, that can be represented as 

a1; a2; . . . ; anð Þ, where l xið Þ ¼ an. The discrete-time series repre
sents the points in the race where we measure athlete rank: the 
race start and end of each lap. Each element in the series has 
a state that belongs to a finite set of states that characterise 

tactical positioning behaviour, i.e., the state-space. We use two 
different state spaces to characterise tactical positioning beha
viour. The first state-space characterised the group’s tactical 
positioning behaviours. As described in Hext et al. (2022), we 
quantified the group’s tactical positioning behaviour by measur
ing the similarity between start/intermediate and final rankings 
in each race using Kendall’s Tau-b, τb. A Kendall’s τb = 1 repre
sents a perfect agreement between start position/intermediate 
and final rankings, and a Kendall’s τb = −1 represents a perfect 
disagreement. The second state-space characterised the winner’s 
tactical positioning behaviours and included all possible athlete 
rankings. We summarise each event’s group and winner beha
viour state-space in Table 2 of the Supplemental Material.

Static and dynamic sequence formation
We formed static and dynamic sequences for each race in the 
dataset. Figure 1 illustrates this process. Our static analysis gen
erated a complete race sequence of the group’s and winner’s 
tactical positioning behaviours. For example, the winner’s tactical 
positioning behaviour, (4, 4, 1, 1, 1, 1), indicates that the winner 
started and remained in 4th until Lap 2. From this point onwards, 
the winner was ranked first at the end of each lap. Note that in 
Figure 1, we represent all sequences using the state-permanence 
-sequence format (Aassve et al., 2007). In this format, each suc
cessive distinct state in a sequence is given together with its 
duration, t, so that xi ¼ a1; t1ð Þ � a2; t2ð Þ � . . . � an; tnð Þ. 
Accordingly, we represent the winning sequence, (4, 4, 1, 1, 
1, 1), as (4, 2) – (1, 4). Given the length of our sequences, 
particularly in the 1,500 m event (l xð Þ ¼ 15), we will use this 
format for the remainder of the manuscript.

Our dynamic analysis generated nested sequences of the 
group’s and winner’s tactical positioning behaviours. The 
nested sequences had a constant endpoint (the race’s final 
lap) but varying lengths. The number of nested sequences for 
each race was equal to 1 � l xið Þ, where l xið Þ is the number of 
elements in the static race sequence. Starting from Lap 1, we 
incremented the start point of each nested sequence by one 
lap until the start point equalled the race’s final lap. As demon
strated in Figure 1, we create five nested sequences (Lap 1–5, 
Lap 2–5, . . . , Lap 5) from the six elements (Start, Lap 1, . . . , 
Lap 5) in the 500 m. Overall, the static and dynamic sequences 
formed 6, 10, and 15 sequence periods in the 500 m (4.5 laps), 
1,000 m (9 laps), and 1,500 m (13.5 laps), respectively. Here, 
note that our analysis uses Lap 1 to represent the tactical 
positioning behaviours at the end of the initial half-lap in the 
500 m and 1,500 m events.

Sequence metrics
For each sequence period, we calculated the number of unique 
sequences, nx , and the sequence duplication rate, 
sdr ¼ 1 � nx

n

� �� �
� 100, where n is the number of races in the 

dataset. A sequence duplication rate of 0% indicates that no 
sequences are the same, and a sequence duplication rate of 
100% indicates that all sequences are the same. In addition, we 
calculated each sequence’s absolute and relative support. 
A sequence’s absolute support, sup xið Þ, denotes the number of 
times the sequence occurs in the sequence period, with its 

relative support, relSup xið Þ ¼
sup xið Þ

n

� �
� 100 (Fournier-Viger 
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et al., 2017; Hext et al., 2022). For example, in a dataset of 1,000 
races, an absolute support of 500 would indicate that 500 races 
had the same sequence of tactical positioning behaviours, repre
senting a relative support of 50%. We performed all sequence 
analyses in MATLAB 2021b and used the R statistical program
ming language (version 4.0.0) to interrogate the data.

Results

Figure 2 quantifies the time-evolving complexity of tactical 
positioning in short-track speed skating. First, note that regard
less of the level of analysis (group or winner behaviour), the 
complexity of tactical positioning increases with race distance, 
i.e., the static sequence duplication rates decrease (Start – Lap 
n). Second, tactical positioning becomes less complex as the 
race progresses, i.e., the dynamic sequence duplication rates 
increase as the length of the nested sequences decreases. Here, 
the only exception is the start of the 1,500 m. Until the 

sequence period Lap 5–15, the group sequence duplication 
rates remain at 0%. In other words, all observed sequences 
are unique. Finally, the group tactical positioning behaviour is 
more complex than the winner and, as a result, converges to 
100% slower. That is, the group sequence duplication rate is 
always lower than the winner sequence duplication rate, for 
each sequence period, in all events.

Figure 3 illustrates the time-evolving distribution of all 
detected sequences’ relative support, with Table 2 reporting 
the most frequent sequence for each period. We provide the 
complete list of unique group and winner sequences and their 
associated support in the Supplemental Material. Note that for 
all events and levels of analysis, the median support is always 
close to 0%. In other words, exact group and winner behaviours 
typically do not reoccur on multiple occasions. Nevertheless, 
we did identify behaviours that frequently recurred, i.e., 
sequences with a support greater or equal to the inner fence: 
Q3þ 1:5 � Interquartile rangeð Þ (Tukey, 1977). Generally, the 

Figure 1. Static and dynamic race sequence formation. First, we extract the winner (denoted by the red circle) and group tactical positioning behaviours at the race 
start and end of each lap. Second, we form our static and dynamic sequences. The static sequence treats the whole race as a single unit of analysis. The dynamic 
sequences are nested race sequences with a constant endpoint (the final lap) but varying start points (e.g., Lap 1–5, Lap 2–5, Lap 3–5). Note that we represent all 
sequences using the state-permanence-sequence format, i.e., each successive distinct state in a sequence is given together with its duration. For example, we represent 
the static winning sequence: (4, 4, 1, 1, 1, 1), as (4, 2) – (1, 4).

4 A. HEXT ET AL.



most frequent sequence represents behaviours where the win
ner is ranked first, and the group order mimics the final rank
ings for the entirety of the race. The only exception is in the 
1,500 m event, where we only saw this group behaviour from 
the sequence periods Lap 11–14 onwards. When considering 
the complete static race sequence, the support for these group 
and winner behaviours is greatest in the 500 m and decreases 
with race distance. When considering the dynamic race 
sequences, the support increases as the race progresses and 
is always greater for the winner, regardless of the event.

Discussion

We have used static and dynamic sequence analysis to investi
gate tactical positioning behaviours in short-track speed 

skating. To our knowledge, we are the first to use this statistical 
framework in short-track speed skating performance analysis. 
Whereas existing research treats laps as discrete events, we 
captured the sequential relationship between these events for 
the entire race sequence (static) and nested race sequences 
with a constant endpoint but varying lengths (dynamic). By 
combining this approach with a large dataset of races collected 
over eight seasons (n = 4,135), our results provide the most 
rigorous and comprehensive description of tactical positioning 
behaviours in short-track speed skating to date.

A key feature of our sequence analysis is that we do not use 
aggregate metrics to summarise each lap. Instead, we form 
sequences that capture the athlete-opponent interactions 
throughout – and specific to – each race. In doing so, we 
provide stronger evidence that reaffirms several beliefs about 

Figure 2. The sequence duplication rate for group and winner tactical positioning behaviours in the 500 m, 1,000 m, and 1,500 m. A sequence duplication rate of 0% 
indicates that no sequences are identical, and a sequence duplication rate of 100% indicates that all sequences are identical. We report the number of unique 
sequences detected in the brackets.

JOURNAL OF SPORTS SCIENCES 5



tactical positioning in short-track speed skating. For example, 
current discrete lap analyses suggest that tactical positioning is 
crucial from the race start in the 500 m because the start/ 
intermediate rankings (end of each lap) positively correlate 
with the final rankings (Haug et al., 2015; Maw et al., 2006; 
Muehlbauer & Schindler, 2011; Noorbergen et al., 2016). 
However, as this evidence evaluates each lap independently 
from all other laps, it can only infer – rather than show – that 
winners adopt a skate-from-the-front strategy during races. In 
contrast, our analysis considers how each winner positioned 
themselves from one lap to the next for the entirety of the race. 
Accordingly, our finding that nearly one in every two races was 
won by the athlete starting and remaining in first position 
(relSup = 47.5%) is stronger empirical evidence that controlling 
the race from the front is a key determinant of success in the 
500 m. Similarly, current discrete lap analyses propose that 

athletes reduce their effort to skate-from-the-front as the race 
distance increases (Muehlbauer & Schindler, 2011; Noorbergen 
et al., 2016; Sun et al., 2021) and that the number of ways to win 
increases with the race distance (Sun et al., 2021). The former is 
inferred from positive correlations between start/intermediate 
rankings and final rankings decreasing, and the latter is inferred 
from the standard deviation of the winner’s rank increasing. 
Our analysis provides stronger empirical evidence as we can 
show that: (1) the support for the skate-from-the-front strategy 
decreases (relSup500m = 47.5%, relSup1;000m = 8.1%, 
relSup1;500m = 0.5%); and (2) the winner’s sequence duplication 
rate decreases (sdr500m = 94.1%, sdr1;000m = 57.7%, and 
sdr1;500m = 0.7%), as the race distance increases.

While confirming established ideas on tactical positioning 
behaviours in short-track speed skating, our analysis also offers 
new perspectives. For example, we found that the most 

Figure 3. Boxplots of sequence relative support for group and winner tactical positioning behaviours in the 500 m, 1,000 m, and 1,500 m. Frequently recurring 
sequences are identified as those greater or equal to the inner fence: Q3þ 1:5 � Interquartilerangeð Þ. Annotated sequences represent the most frequent sequence with 
a relative support ≥ 2%.
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recurring winning behaviour in the 1,000 m and 1,500 m events 
was to skate-from-the-front. With seven laps to go, this 
sequence represented at least one in every four races 
(relSup1;000m = 30.5%, Lap 3–9; relSup1;500m = 24.7%, Lap 8–14). 
This strategy differs from current discrete lap analyses, which 
advocate that athletes should conserve energy by occupying 
a ranking other than first until Lap 6 (1,000 m) and Lap 10 
(1,500 m), because there is not a strong relationship between 
intermediate and final rankings before this (Konings et al., 2016; 
Noorbergen et al., 2016). Note that we ensured this finding was 
due to our sequence analysis rather than due to analysing 
different datasets (8 seasons from 2010/11 to 2017/18 com
pared to 1 season from 2012/13) by replicating the traditional 
discrete lap analysis on our dataset. As illustrated in the 
Supplemental Material (Supplemental Figures 1–4), there 
were no discernible differences between the two datasets – 
and the inferences drawn – when treating laps as discrete 
events. Our observation of this most-recurring sequence sug
gests that some winners choose to forgo the physiological 
benefit of drafting and lead for the majority. This decision, in 
part, may be due to: (1) the athlete deciding that the difficulty 
in overtaking is more costly than having other competitors 
benefit from drafting them (Hoffman et al., 1998); and (2) 
attempting to mitigate the risk of falls associated with collisions 
(Hext et al., 2022). Such a strategy, therefore, may be more 
suited to an athlete with a higher perception of risk 

(Micklewright et al., 2015). While we do not endorse one strat
egy over another, it is clear that more than one winning strat
egy exists. Importantly, sequence analysis allows us to capture 
and broaden our understanding of the different race strategies 
adopted in short-track speed skating.

Our analysis also has several more direct implications for 
race strategy and performance research in short-track speed 
skating. First, we provide an empirical list of group and winner 
behaviours, and their associated support, at any stage of the 
race. We hope that practitioners can use this list to: (1) support 
the formulation of race strategies and tactics; and (2) inform the 
design of practice constraints and learning tasks that represent 
the performance environment and thus enhance the transfer of 
skill from training to competition (Pinder et al., 2011). Second, 
we believe both researchers and practitioners should use indi
vidual levels of analysis to inform race strategy rather than the 
norm of using group behaviour, as the latter is more complex 
and therefore appears to underestimate the importance of 
tactical positioning for an individual, particularly during the 
race’s earlier stages. For example, consider the 1,000 m event 
where the most recurring group and winner sequence sup
ported a skate-from-the-front strategy. For the sequence period 
Lap 2–9 (89% of the total race distance), the winner support for 
this strategy was at least 1 in 5 races (relSup ¼ 22.2%) com
pared to at least 1 in 20 races for the group behaviour (relSup ¼
5.2%). Third, future work should explore detecting 

Table 2. Most recurring group and winner tactical positioning behaviours in the 500 m, 1,000 m, and 1,500 m events.

Group Winner

Event Race period Sequence Sup relSup Sequence Sup relSup

500 m Start – Lap 5 (1,6) 250 12.4% (1,6) 960 47.5%
Lap 1–5 (1,5) 613 30.3% (1,5) 1,356 67.1%
Lap 2–5 (1,4) 777 38.5% (1,4) 1,452 71.9%
Lap 3–5 (1,3) 1,056 52.3% (1,3) 1,621 80.2%
Lap 4–5 (1,2) 1,463 72.4% (1,2) 1,813 89.8%
Lap 5 (1,1) 2,020 100% (1,1) 2,020 100%

1,000 m Start – Lap 9 – – – (1,10) 126 8.1%
Lap 1–9 (1,9) 53 3.4% (1,9) 261 16.8%
Lap 2–9 (1,8) 81 5.2% (1,8) 344 22.2%
Lap 3–9 (1,7) 144 9.3% (1,7) 472 30.5%
Lap 4–9 (1,6) 222 14.3% (1,6) 614 39.6%
Lap 5–9 (1,5) 336 21.7% (1,5) 772 49.8%
Lap 6–9 (1,4) 457 29.5% (1,4) 946 61.1%
Lap 7–9 (1,3) 683 44.1% (1,3) 1,160 74.9%
Lap 8–9 (1,2) 1,070 69.1% (1,2) 1,380 89.1%
Lap 9 (1,1) 1,549 100% (1,1) 1,549 100%

1,500 m Start – Lap 14 – – – – – –
Lap 1–14 – – – – – –
Lap 2–14 – – – – – –
Lap 3–14 – – – – – –
Lap 4–14 – – – (1,11) 12 2.1%
Lap 5–14 – – – (1,10) 20 3.5%
Lap 6–14 – – – (1,9) 43 7.6%
Lap 7–14 – – – (1,8) 91 16.1%
Lap 8–14 – – – (1,7) 139 24.6%
Lap 9–14 (.87,2) – (1,4) 18 3.2% (1,6) 180 31.8%
Lap 10–14 (.87,1) – (1,4) 29 5.1% (1,5) 235 41.5%
Lap 11–14 (1,4) 68 12.0% (1,4) 307 54.2%
Lap 12–14 (1,3) 135 23.9% (1,3) 395 69.8%
Lap 13–14 (1,2) 272 48.1% (1,2) 487 86.0%
Lap 14 (1,1) 566 100% (1,1) 566 100%

Note: The group behaviour represents the similarity between all athletes’ intermediate and final rankings measured using Kendall’s Tau-b. The winner 
behaviour represents the rank of the winner. The state-permanence-sequence format provides each successive distinct state in the sequence with its 
duration. For example, a winner sequence of (1,6) in the 500 m indicates that the winner started and remained in first for the entirety of the race. 
Sup = Absolute support; the number of times the sequence occurs in the sequence period. relSup = Relative support; the proportion of races that the 
sequence occurs in the sequence period. Note, we only report sequences with a relative support ≥ 2%, i.e., a sequence that occurs 1 in every 50 races.
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commonalities between unique sequences to create 
a taxonomy of tactical positioning behaviours. Such 
a taxonomy would enhance our understanding of the different 
race strategies and tactics utilised in short-track speed skating 
by capturing the latent structures of the many behaviours 
observed. State sequence analysis is well suited for this work 
because it offers a suite of metrics and methods for estimating 
sequence dissimilarity and building sequence typologies (Lowe 
et al., 2020; Ritschard & Studer, 2018). Finally, future work 
should replicate our sequence analysis for different race sce
narios because previous research has shown that environmen
tal factors, such as the season, competition round, whether 
athletes are male or female, and the competition importance, 
can evoke modifications in tactical positioning or pacing beha
viour (Konings & Hettinga, 2018b; Maw et al., 2006; Muehlbauer 
& Schindler, 2011; Sun et al., 2021). Such analyses would help 
coaches and athletes tailor their race preparation for the rele
vant performance environment.

While our work represents an advance in tactical positioning 
analysis in short-track speed skating, we should note two limita
tions. First, our dataset only represented race scenarios with each 
event’s modal number of athletes, no falls, and no disqualifica
tions. While these strict inclusion criteria resulted in our analysis 
excluding over half of each event’s data, we could compare our 
sequential analysis directly with results from traditional analyses. 
Second, our sequences only characterised group and winner 
behaviour at the race start and end of each lap. Accordingly, 
we could not characterise within-lap position changes as this 
exceeds the dataset’s resolution. For example, an athlete may 
start and finish a lap ranked 2nd but be ranked 1st halfway 
through the lap. Note, however, that this issue is present in all 
studies that use competition results to investigate tactical posi
tioning behaviours in short-track speed skating.

Conclusion

Tactical positioning behaviour is a complex process that emerges 
from multiple athletes interacting continuously over many laps. 
By accounting for the sequential structure of these interactions, 
we can begin to quantify and decode this complexity. Here, we 
have taken the first step by providing the most rigorous and 
comprehensive description of tactical positioning behaviours in 
short-track speed skating to date. This empirical aid quantifies 
the time-evolving complexity of tactical positioning, offers new 
thoughts on race strategy based on the prevalence of winners 
choosing to skate-from-the-front, and can help practitioners 
design more representative learning tasks to enhance skill 
transfer.
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