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Abstract 
Basketball performance analysis has traditionally relied on event-
based statistics and box-score-derived metrics. Although these 
measures describe performance outcomes, they provide limited 
information about how actions are shaped by player location, 
movement, and interaction during play. With the growing availa-
bility of court-referenced player and ball location data, spatial and 
spatiotemporal indicators have become increasingly common for 
describing game behavior in basketball. For the purposes of this 
review, spatial indicators were defined as location-based 
measures captured at a given moment, such as shot location, de-
fender distance, or team spacing. Spatiotemporal indicators were 
defined as measures that capture movement or changes in spatial 
configuration over time, such as dyadic coordination, team ex-
pansion, or changes in possession value. This systematic review 
examined how these indicators have been operationalized and ap-
plied, and how their outputs have been interpreted in relation to 
tactical performance. This systematic review was conducted in 
accordance with the PRISMA guidelines. Searches were con-
ducted in PubMed/MEDLINE, Scopus, Web of Science, and 
Google Scholar for studies published through 15 September 2025. 
Studies were eligible if they examined standard, regulation 5-on-
5 basketball, used court-referenced player and/or ball location 
data during match play, and derived spatial or spatiotemporal in-
dicators relevant to tactical, technical-tactical, or game-perfor-
mance questions. Reporting completeness and transparency were 
appraised using a STROBE-based framework for empirical/ob-
servational studies and an adapted TRIPOD-informed checklist 
for modeling/analytics studies. A total of 759 records were iden-
tified, of which 16 studies met the inclusion criteria. The included 
studies addressed offensive, defensive, and combined offensive-
defensive contexts. Five studies used a state-based measurement 
approach, eight used a sequence-based approach, and three used 
both. Individual/local spatial indicators most commonly included 
shot location, distance to the basket, defender distance, shot an-
gle, and shot-trajectory factors. Interactional indicators included 
dyadic coupling, attacker-defender distance, passer-receiver rela-
tions, and secondary-assist-related measures. Collective indica-
tors included team spatial center, stretch index, court-area occu-
pation, team width, and centroid movement. Defensive-impact in-
dicators included defensive shot frequency and shot-efficiency ef-
fects, whereas model-derived and complexity indicators included 
expected possession value, player gravity, and intrinsic dimen-
sion. Spatial and spatiotemporal indicators extend basketball per-
formance analysis beyond traditional outcome-based metrics by 
revealing where players were located, how they interacted spa-
tially, and how team structure changed during possessions. How-
ever, they should not be interpreted as direct measures of tactical 
effectiveness. Their interpretation should be anchored in posses-
sion phase, shot or pass event, defender proximity, offensive or 
defensive context, and whether the indicator was derived from a 
single game state or a sequence of play. 
 

Key words: Basketball, positional data, spatial indicators, spati-
otemporal indicators, tactical performance. 

 
 
Introduction 
 
Basketball performance analysis has traditionally relied on 
event-based statistics and box-score-derived metrics to de-
scribe game outcomes and key actions (Hughes and Bart-
lett, 2002; Kubatko et al., 2007; Oliver, 2004). These 
measures typically include event counts, efficiency ratios, 
and possession-based metrics (Angel Gomez et al., 2008; 
Kubatko et al., 2007; Lorenzo et al., 2010). Event counts, 
such as rebounds, assists, and turnovers, quantify how of-
ten key actions occur. Efficiency ratios, such as field-goal 
percentage and opponent field-goal percentage, summarize 
the success with which actions are completed. Possession-
based metrics use the possession as the unit of analysis and 
therefore provide a closer approximation of game flow, but 
they still provide limited information about the spatial and 
temporal conditions under which actions are generated. 
These outcome-based indicators provide coaches with use-
ful information for identifying team strengths and weak-
nesses, monitoring game dynamics, and informing in-game 
adjustments (Courel-Ibáñez et al., 2017; Hughes and Bart-
lett, 2002; Oliver, 2004). However, although these 
measures provide relatively stable summaries of perfor-
mance, they offer limited insight (Bourbousson et al., 
2010a; Cervone et al., 2016; Courel-Ibáñez et al., 2017). 
Accordingly, they are effective for describing discrete 
events and outcomes, but less effective for explaining how 
those outcomes emerge during play (Cervone et al., 2016; 
Courel-Ibáñez et al., 2017; Lamas et al., 2015). 

Early research using player and ball positional data 
was limited by the difficulty of collecting reliable move-
ment data, and only a small number of studies initially ex-
amined the spatiotemporal rhythm and interaction structure 
of basketball (Bourbousson et al., 2010a; Courel-Ibáñez et 
al., 2017; Perše et al., 2009). With advances in optical 
tracking, video-based analysis, and automated positioning 
technologies, the availability of positional data has in-
creased substantially, and basketball research has increas-
ingly incorporated analyses of spatial and spatiotemporal 
structure (Gudmundsson and Horton, 2017; Torres-Ronda 
et al., 2022; Van der Kruk and Reijne, 2018). For example, 
Goldsberry (2012) used shot-location distributions to char-
acterize the spatial conditions of offensive attempts, show-
ing that spatial information can complement traditional     
statistics when assessing shot quality. Bourbousson  et al. 
(2010a; 2010b) extended this line of work by analyzing 
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spatiotemporal coordination from player trajectories and 
identifying dynamic coupling within and between teams. 
Measures derived from player and ball locations are now 
used to describe positioning, movement, and interaction 
during play, allowing performance analysis to move be-
yond discrete events and final outcomes (Cervone et al., 
2016; Courel-Ibáñez et al., 2017; Lamas et al., 2015). 
Game behavior can therefore be examined not only in 
terms of results but also in relation to the contexts and pro-
cesses through which those results emerge (Cervone et al., 
2016; Gudmundsson and Horton, 2017; Lamas et al., 
2015). In practical terms, positional information is im-
portant because the tactical meaning of an action is not de-
termined by the event alone. The same successful shot may 
reflect a well-organized possession in which the defense 
has been displaced, or it may result from an individual so-
lution late in the shot clock. Similarly, a completed pass 
may help maintain an offensive advantage, but it may also 
be made primarily to release pressure after the initial option 
has been denied. In this sense, positional context helps con-
nect observable actions to tactical performance by showing 
whether players used space, timing, and teammate-oppo-
nent relations to create, maintain, or limit advantage during 
play (Franks et al., 2015; Sampaio et al., 2016). 

The increasing use of spatial and spatiotemporal in-
dicators has not necessarily resolved the problem of inter-
pretation. The central issue is no longer whether these in-
dicators can describe basketball behavior, but the extent to 
which they can justify credible inferences about tactical 
performance. In the current literature, similar indicators are 
often used to support different levels of inference, ranging 
from straightforward descriptions of game situations to 
broader interpretations of tactical behavior (Chen et al., 
2025; Mackenzie and Cushion, 2013; Rein and Memmert, 
2016). In many cases, however, the link between a meas-
ured spatial pattern and its tactical meaning remains insuf-
ficiently specified. This interpretive problem is com-
pounded by heterogeneity in indicator construction across 
studies. Some indicators focus on the spatial conditions 
surrounding individual actions, whereas others address lo-
cal player interactions or team-wide organization (Duarte 
et al., 2012; Fewell et al., 2012; Miller et al., 2014). Some 
indicators capture brief game states at specific moments, 
whereas others describe processes that unfold over time 
(Perše et al., 2009; Reich et al., 2006; Santos-Fernandez et 
al., 2022). In addition, model-based studies introduce fur-
ther assumptions about how space, interaction, and analyt-
ical relevance are represented (Cervone et al., 2016; Franks 
et al., 2015; Zuccolotto et al., 2023). These differences are 
consequential because they shape the strength with which 
an indicator can support tactical interpretation (Chen et al., 
2025; Mackenzie and Cushion, 2013; Rein and Memmert, 
2016). 

In the present review, tactical performance is under-
stood as the organization of player actions through posi-
tioning and movement in relation to teammates, opponents, 
and the evolving game situation (Araújo et al., 2006;         
Lamas et al., 2015; Vilar et al., 2012). From this perspec-
tive, spatial and spatiotemporal indicators can describe ob- 

 

servable behavioral patterns, but they do not directly meas-
ure tactical intent or tactical effectiveness. This distinction 
is important because location-based analysis is better un-
derstood as a way of representing tactical behavior rather 
than as direct evidence of tactical effectiveness. In this re-
view, possession context refers to the situational conditions 
within a possession that shape how an indicator should be 
interpreted. These conditions include the phase of play, ac-
tion type, player-ball relations, defensive pressure, and the 
surrounding sequence of actions before and after the meas-
ured event. This operational definition was used to ensure 
that each indicator was interpreted in relation to the pos-
session from which it was derived. 

Previous basketball and team-sport reviews have 
described collective behavior, positional data, and analyti-
cal approaches in invasion games more broadly (Chen et 
al., 2025; Courel-Ibáñez et al., 2017; Gudmundsson and 
Horton, 2017; Rico-González et al., 2021). However, these 
reviews have not specifically examined how indicators de-
rived from player and ball locations are used to interpret 
tactical performance in standard regulation 5-on-5 basket-
ball. This issue is important because, during full-game 
match play, actions unfold under the combined influence 
of possession phase, shot-clock pressure, teammate-oppo-
nent relations, and defensive response. This issue is partic-
ularly important in 5-on-5 basketball, where possessions 
involve continuous interaction, repeated reorganization, 
and simultaneous processes operating at multiple analyti-
cal levels (Bourbousson et al., 2010b; Duarte et al., 2012; 
Lamas et al., 2015; McGarry et al., 2002). The focus on 
standard regulation 5-on-5 basketball was therefore delib-
erate. Small-sided games, drills, 3-on-3 formats, and simu-
lated tasks were not included because changes in player 
number, court use, task goals, decision options, and defen-
sive organization can alter the spatial relations from which 
these indicators are derived. Findings from modified, train-
ing-based, or simulated settings are also closely shaped by 
the constraints imposed by the task or model. Including 
these formats could therefore obscure whether an indicator 
reflects tactical behavior in standard regulation 5-on-5 
match play or the design features of a modified context. 
These characteristics make positional analysis valuable, 
but they also increase the risk of over-interpreting indica-
tors when they are detached from the possession context 
(Chen et al., 2025; Gudmundsson and Horton, 2017; Rein 
and Memmert, 2016; Rico-González et al., 2021). 

Against this background, the present review exam-
ines how spatial and spatiotemporal indicators have been 
used in standard regulation 5-on-5 basketball research and 
how their outputs have been interpreted in relation to tacti-
cal performance. Its main contribution lies in providing a 
basketball-specific synthesis of these indicators and clari-
fying how different indicator types support and constrain 
tactical interpretation. More specifically, the review iden-
tifies the main types of indicators used in the literature, ex-
amines how they represent game behavior across analytical 
levels and contexts, analyzes how their outputs are trans-
lated into tactical claims, and considers the factors that 
shape their interpretability in research and applied settings. 
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Methods 
 
Search strategy 
This systematic review was conducted in accordance with 
the Preferred Reporting Items for Systematic Reviews and 
Meta-Analyses (PRISMA) 2020 guidelines (Page et al., 
2021). The review protocol was registered with 
PROSPERO on September 19, 2025 
(CRD420251146172). Preliminary searches had been ini-
tiated before protocol registration; this timing is reported 
here for transparency. The PROSPERO record was subse-
quently updated to reflect the eligibility criteria, search 
sources, and review procedures reported in the present 
manuscript. 

A comprehensive search was conducted across 
PubMed/MEDLINE, Scopus, and Web of Science, with 
Google Scholar used as a supplementary source. The 
search covered studies published through September 15, 
2025. The search strategy was structured around two core 
concept blocks: basketball and spatial/spatiotemporal data. 
Search strings were adapted to the indexing structure of 
each database, with field tags and controlled vocabulary 
used where appropriate. Full database-specific search strat-
egies are provided in Supplementary Table 1, together with 
details of the supplementary Google Scholar search, in-
cluding the search date, search terms, screening range, sort-
ing method, stopping rule, and de-duplication procedure. 
Searches were conducted independently by two reviewers 
and verified by a third reviewer. 
 
Eligibility criteria 
Eligibility criteria were developed using the PICOS frame-
work and refined to identify studies that used court-refer-
enced player and/or ball location data to derive indicators 
relevant to tactical analysis in standard regulation 5-on-5 
basketball. Studies were included only when such location 
data formed an essential part of the analysis, rather than 

being reported only descriptively or incidentally (Methley 
et al., 2014; Schiavenato and Chu, 2021). The eligibility 
criteria are summarized in Table 2 according to popula-
tion/context, data type, indicator requirement, tactical rele-
vance, and source type. 

The screening process was conducted inde-
pendently by two trained reviewers, with EndNote used for 
reference management. Before formal screening, both re-
viewers completed a calibration exercise using a random 
sample of 62 records, corresponding to approximately 10% 
of the 621 records retained after deduplication. The cali-
bration sample was selected using a computer-generated 
random sequence. These records were used to harmonize 
reviewers’ interpretation of the eligibility criteria and were 
not included in the κ estimate for formal title/abstract 
screening. During title/abstract screening and full-text as-
sessment, the reviewers made decisions independently and 
were masked to each other’s decisions until the consensus 
stage. Inter-rater agreement was high for the calibration ex-
ercise, title/abstract screening, and full-text assessment 
(Cohen’s κ = 0.88, 0.86, and 0.90, respectively). Disagree-
ments were resolved through consensus, with a third re-
viewer consulted when necessary. The study selection pro-
cess is presented in the PRISMA flow diagram. 
 
Assessment of reporting completeness 
The included studies were appraised for reporting com-
pleteness and transparency, rather than methodological 
quality or risk of bias, because the aim of this review was 
to examine how spatial and spatiotemporal indicators were 
defined, operationalized, and interpreted, rather than to 
synthesize intervention effects or estimate pooled out-
comes. Empirical/observational studies were appraised us-
ing a STROBE-based framework (Rösch et al., 2022; Von 
Elm et al., 2007; Von Elm et al., 2014), whereas studies in 
which modeling or analytics formed a central part of the 
research design were appraised using an adapted TRIPOD-

 
Table 1. Database-specific search strategies 

Database Search fields Search strategy

Concept blocks - Sport concept: basketball; data concept: tracking, player tracking, positional data, posi-
tional, spatial, spatiotemporal, and trajectory 

PubMed/MEDLINE MeSH + Title/ 
Abstract 

("Basketball"[Mesh] OR basketball[Title/Abstract]) AND (tracking[Title/Abstract] OR 
"player tracking"[Title/Abstract] OR "positional data"[Title/Abstract] OR positional[Ti-

tle/Abstract] OR spatial[Title/Abstract] OR spatiotemporal[Title/Abstract] OR trajec-
tory[Title/Abstract])

Scopus TITLE-ABS-KEY TITLE-ABS-KEY(basketball) AND TITLE-ABS-KEY(tracking OR "player tracking" 
OR "positional data" OR positional OR spatial OR spatiotemporal OR trajectory)

Web of Science Topic (TS) TS = (basketball) AND TS = (tracking OR "player tracking" OR "positional data" OR 
positional OR spatial OR spatiotemporal OR trajectory) 

Google Scholar Supplementary 
search 

Searched on 4 September 2025 using the following combinations: “basketball” “po-
sitional data”; “basketball” “tracking data”; “basketball” “spatial analysis”; 
“basketball” “spatiotemporal analysis”; “basketball” “tactical analysis”; “
basketball” “performance analysis” “spatial”; “basketball” “performance 

analysis” “spatiotemporal”; “basketball” “player tracking” “tactical”. Re-
sults were sorted by relevance, and the first 20 pages were screened. Screening stopped 
after page 20 because subsequent pages did not yield records that appeared potentially 
eligible based on title and snippet screening. Records identified from Google Scholar 

were exported or recorded manually and imported into EndNote for de-duplication with 
records from the primary databases. 

Limits applied - English language; peer-reviewed journal articles; searches conducted up to 15 Septem-
ber 2025. No study-design filter was applied during the search stage.
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Table 2. Eligibility criteria for study inclusion and exclusion 
Domain Inclusion criteria Exclusion criteria 

Population/    
context 

Studies examining performance in regulation 
5-on-5 basketball, including professional, semi-

professional, collegiate, or youth settings.

Studies that did not examine regulation 5-on-5 
basketball, including small-sided games, drills, 
3-on-3 formats, or other modified task formats.

Data type 
Studies using court-referenced player and/or 

ball location data during play, including contin-
uous tracking data or location-based event data. 

Studies relying solely on conventional statis-
tics, play-by-play records without location in-

formation, or general event data without player 
or ball location information during play.

Indicator            
requirement 

Studies deriving one or more spatial or spatio-
temporal indicators from court-referenced 

player and/or ball location data.

Studies reporting positional or movement data 
only descriptively, without deriving a spatial or 

spatiotemporal indicator for analysis.

Tactical         
relevance 

Studies using these indicators to address a tac-
tical, technical-tactical, or game-performance 

question, such as offensive organization, defen-
sive behavior, player-player or team interac-

tions, possession development, shot opportuni-
ties, or scoring-related outcomes.

Studies in which the derived variables were 
used only for biomechanical, physiological, or 
workload-monitoring purposes and were not 
interpreted in relation to basketball perfor-

mance or tactical behavior. 

Source type 

Original empirical studies, including methodo-
logical or modeling work only where applied to 
real regulation 5-on-5 basketball player and/or 
ball location data and producing interpretable 

findings relevant to match analysis. 

Studies based entirely on simulated data, con-
ceptual examples, or algorithmic demonstra-
tions without application to real match data. 

Non-original publication types and records that 
did not meet the peer-reviewed article require-

ment were also excluded. 
 
 
 

informed reporting checklist (Collins et al., 2015; Moons 
et al., 2015). These tools were adapted to emphasize report-
ing features directly relevant to spatial and spatiotemporal 
indicators, including data source, sample definition, indi-
cator construction, model specification, validation or per-
formance checks, and interpretive limitations. The full item 
lists and decision rules are provided in Appendix 1A for 
empirical/observational studies and Appendix 2A for mod-
eling/analytics studies. Study-level appraisal results are 
provided in Appendix 1B and Appendix 2B. 

For empirical/observational studies, the STROBE-
based appraisal focused on the clarity and completeness of 
reporting in relation to study setting and competitive con-
text, participant description, definition and measurement of 
positional variables and spatial or spatiotemporal indica-
tors, outcome specification, and analytical/statistical pro-
cedures. For modeling/analytics studies, the adapted 
checklist focused on reporting clarity in relation to data 
source and sample definition, specification of spatial or 
spatiotemporal inputs, model structure and assumptions, 
definition of model-derived outputs, validation or perfor-
mance checks, and discussion of practical interpretation 
and limitations. 

For each applicable item, studies were classified as 
adequately reported, partially reported, or not reported ac-
cording to predefined decision rules. An item was rated as 
adequately reported when the information was sufficiently 
clear for readers to understand how the relevant data were 
obtained and how the indicator, model output, or interpre-
tation was generated. An item was rated as partially re-
ported when some relevant information was provided but 
one or more key details were missing. An item was rated 
as not reported when the information was absent or too un-
clear to support judgment. For example, data source was 
rated as adequately reported when the dataset, competition 
level, and sample source were all stated; as partially re-
ported when only some of these elements were provided; 
and as not reported when the source could not be identified. 
Similar rating anchors were applied to indicator definition, 

validation or performance checks, and study limitations. 
Items considered not applicable to a given study design 
were coded as non-applicable and excluded from percent-
age calculations. 

The reporting appraisals were conducted inde-
pendently by the same two reviewers who completed the 
study screening. Disagreements were resolved through dis-
cussion, with a third reviewer consulted when necessary. 
Inter-rater agreement for the appraisal process was high 
(Cohen’s κ = 0.89). Item-level results were summarized 
descriptively as counts and percentages, and per-study to-
tals were used only as descriptive summaries of reporting 
completeness. The appraisal results were used to inform 
evidence interpretation and contextualize reporting trans-
parency; they were not used to exclude studies, rank study 
quality, or weight findings quantitatively. 
  
Data extraction and study classification 
Data extraction was performed using a standardized extrac-
tion template by one reviewer and independently verified 
by a second reviewer. Disagreements were resolved 
through discussion, with a third reviewer consulted when 
necessary. Extracted data included study characteristics, 
sample information, study design, analytical methods, spa-
tial and spatiotemporal indicators, main findings, and re-
ported limitations. Missing information was recorded as 
“not reported.” 

Indicators were extracted with a focus on how 
court-referenced positional information was translated into 
representations of tactical performance. This coding frame-
work captured the tactical context of each study, the tacti-
cal unit addressed, the use of model-based analytical pro-
cedures were used, and the measurement approach 
adopted. 

Studies were first classified according to tactical 
context as offensive or defensive. Studies with an offensive 
component were then further classified by tactical unit as 
individual, interactional, or collective. Studies using 
model-based  analytical procedures to derive indicators or  
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represent game dynamics were identified separately. 
A complementary coding framework was also ap-

plied to characterize how indicators were constructed and 
interpreted. This framework included analytical scale, 
modeling approach, and measurement approach. Measure-
ment approach was classified as state-based when indica-
tors were derived from discrete events or single time 
points, sequence-based when they were derived from tra-
jectories or time windows, and mixed when both ap-
proaches were used (Gudmundsson and Horton, 2017; 
Low et al., 2020; Memmert et al., 2017). 

Inter-rater reliability for coded data-extraction and 
classification items was assessed using Cohen’s κ (κ = 
0.87), indicating strong agreement. Final classifications 
were determined by consensus after all discrepancies had 
been resolved. 
 

Results 
 

Search results 
A total of 759 records were identified through database and 
supplementary searches, including 342 from PubMed, 141 
from Scopus, 206 from Web of Science, and 70 supple-
mentary records from Google Scholar, with all searches 
conducted through September 15, 2025. After 138 dupli-
cates were removed, 621 records remained for title/abstract 
screening. Of these, 579 were excluded on the basis of the 
predefined eligibility criteria, mainly because they were 
not directly relevant to standard regulation 5-on-5 basket- 

ball (n = 193), did not include valid court-referenced player 
and/or ball location data from which game-based spatial or 
spatiotemporal indicators could be derived (n = 216), or did 
not meet the inclusion criteria for original empirical re-
search (n = 170). 

As a result, 42 reports were sought for retrieval. 
Three reports could not be retrieved and were therefore not 
assessed for eligibility. The availability and publication 
status of these reports were checked through database rec-
ords and publisher or journal websites, and they were rec-
orded as reports not retrieved in the PRISMA flow dia-
gram. Because these reports were not available as retrieva-
ble full-text records, they were not included in the eligibil-
ity assessment or listed among the full-text exclusion rea-
sons. The remaining 39 reports were assessed for eligibil-
ity. 

Following full-text review, 23 reports were ex-
cluded for the following reasons: absence of valid court-
referenced player and/or ball location data (n = 6), non-
standard 5-on-5 basketball context (n = 3), absence of de-
rived spatial or spatiotemporal indicators (n = 5), lack of 
relevance to basketball tactical performance analysis (n = 
4), non-original or non-peer-reviewed publication type (n 
= 3), and insufficient methodological detail in the available 
report (n = 2). Ultimately, 16 studies met the inclusion cri-
teria and were included in the qualitative synthesis and re-
porting-methodology analysis. The study selection process 
is presented in Figure 1. 

  
 

 
 
 

                                   Figure 1. PRISMA flow diagram of the study selection process. 
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Figure 2. STROBE-based reporting completeness of empirical/observational studies. 
 

 

 

 
 

Figure 3. Reporting completeness of modeling/analytics studies based on the adapted TRIPOD-informed checklist 
 

Assessment of reporting completeness 
Reporting completeness and transparency were appraised 
separately for empirical/observational studies and model-
ing/analytics studies, reflecting the different methodologi-
cal characteristics of the included research. Item-level re-
sults for the STROBE-based appraisal are presented in Fig-
ure 2, whereas those for the adapted TRIPOD-informed re-
porting checklist are presented in Figure 3. Detailed item 
definitions and decision rules are provided in Appendix 1A 
and Appendix 2A, Study-level appraisal results are pro-
vided in Appendix 1B and Appendix 2B. 

Among the empirical/observational studies, report-
ing was generally more complete for basic descriptive 
study elements. Items related to the title and abstract, back-
ground and objectives, definition of key variables, data 
sources, outcome reporting, and presentation of the main 
results were most often classified as adequately reported. 
By contrast, items relating to study design, setting, partici-
pant description, and statistical methods were more often 
classified as partially reported. The least consistently re-
ported items concerned potential sources of bias, study 
size, limitations, generalizability, and funding. 

Among the modeling/analytics studies, core ele-
ments of the analytical workflow were generally reported 
more clearly than validation procedures and practical inter-
pretation. Data source and sample description, specifica-
tion of model inputs, and definition of model-derived out-
puts were usually classified as adequately reported. In con-
trast, reporting was less consistent for model assumptions, 
validation or performance checks, and discussion of prac-
tical interpretation and limitations. 

Overall, the included studies generally reported 
their core data, indicators, and main findings clearly, but 
reporting was less consistent for elements related to bias, 
study size, validation, limitations, and generalizability. The 
reporting appraisals were used to inform evidence interpre-
tation and contextualize reporting transparency across the 
included studies; they were not used to exclude studies, 
rank study quality, or weight findings quantitatively. 
  
Classification of included studies 
A total of 16 studies met the inclusion criteria and were 
retained for synthesis. All included studies examined per-
formance in standard regulation 5-on-5 basketball and used 
court-referenced player and/or ball location data to derive 
indicators relevant to tactical performance. 

The included studies covered four competition lev-
els, as summarized in Table 3. Based on the participant-
classification framework used in this review, 11 studies 
were classified as Tier 5, two as Tier 4, one as Tier 3, and 
two as Tier 2. In terms of sample source, 10 studies used 
only NBA data, one study combined simulated data with 
NBA offensive sequences, two studies used French profes-
sional match sequences, two used U14 competitive game 
sequences, and one used data from an Italian C-Gold 
League friendly match. Collegiate basketball was included 
in the tier framework but was not represented as a distinct 
sample source among the included studies. 
Studies were first grouped according to tactical context as 
offensive, defensive, or combined offensive-defensive. 
Nine studies focused on offensive contexts, two focused on 
defensive contexts, and five addressed both offensive and 



Spatial and spatiotemporal ındicators in basketball

 
 

 

592 

defensive contexts, including studies of team interaction. 
Studies were then classified by tactical unit as individual, 
interactional, collective, or defensive-only. Three studies 
focused on individual-level spatial conditions, such as po-
sitioning, defender proximity, and shot-related spatial con-
straints. Four studies examined interactional relations be-
tween players, including attacker-defender configurations 
and coordination within small groups. Seven studies de-
scribed collective spatial organization, including measures 
of dispersion, centroid movement, and overall spacing 
structure. The two defensive-only studies were retained as 
a separate category and were not further subdivided by of-
fensive tactical unit. 

Nine studies also used modeling approaches to de-
rive indicators or represent game dynamics. These studies 
were identified across both offensive and defensive con-
texts and across different tactical units. Studies were fur-
ther classified according to measurement approach. Of the 
16 included studies, five used a state-based approach, eight 
used a sequence-based approach, and three used a com-
bined state- and sequence-based approach. State-based ap-
proaches were more commonly used in studies focused on 
discrete events, such as shot attempts or possession out-
comes, whereas sequence-based approaches were more of-
ten used in studies examining continuous spatial dynamics 
and coordination over time. 

Beyond sample source and tactical focus, the in-
cluded studies also differed in the analytical level at which 
spatial or spatiotemporal information was operationalized. 
Some studies used local shot-space indicators, such as shot 
location, distance to the basket, defender distance, shot an-
gle, and shot-trajectory factors. Other studies focused on 
interactional or collective indicators, including dyadic co-
ordination, attacker-defender distance, passer-receiver re-
lations, team spatial center, stretch index, court-area occu-
pation, and spatial phase structure. Several studies further 
used model-derived indicators, such as expected posses-
sion value, offensive network parameters, player-density  

 

estimates, player gravity, and intrinsic dimension. 
Table 4 provides a study-level synthesis of these in-

dicators. It reports the principal spatial or spatiotemporal 
indicators or indicator families extracted from each study, 
together with the authors’ main interpretation, the interpre-
tive boundary considered in the present review, and the 
limitations reported in the original article. This structure 
separates the operational meaning of each indicator from 
broader tactical inference. 

To integrate the study-level findings, the extracted 
indicators were organized according to their primary inter-
pretive role. As shown in Table 5, five indicator categories 
were identified: individual/local spatial indicators, interac-
tional indicators, collective organization indicators, defen-
sive-impact indicators, and model-derived/complexity in-
dicators. These categories summarize how spatial and spa-
tiotemporal information has been used to describe basket-
ball performance, ranging from immediate shot conditions 
to model-based representations of possession value, player 
interaction, and movement complexity. 

The classification of each included study according 
to competition level, tactical context, tactical unit, model-
ing approach, and measurement approach is presented in 
Table 3. The overall distribution of studies across tactical 
unit and measurement approach is shown in Figure 4. 

 
 

 

 
 

Figure 4. Distribution of included studies across tactical cat-
egory and measurement approach. 

 

Table 3. Classification of included studies by competition level, tactical context, tactical unit, modeling approach, and meas-
urement approach. 

Author Competition level Tactical context Tactical unit Modeling Measurement approach
Bourbousson et al. (2010a) Tier 4 B R - Q 
Bourbousson et al. (2010b) Tier 4 B C - Q 
Shortridge et al. (2014) Tier 5 O I M S 
Esteves and Arede (2015) Tier 2 O C - Q 
Esteves et al. (2016) Tier 2 O C - Q 
Franks et al. (2015) Tier 5 D - M MX 
Sampaio et al. (2014) Tier 5 O I M S 
Skinner et al. (2015) Tier 5 O C M S 
Cervone et al. (2016) Tier 5 O C M MX 
Santana et al. (2019) Tier 5 O R - Q 
Manisera et al. (2019) Tier 3 B C M MX 
Daly-Grafstein and Bornn (2021) Tier 5 D - M S 
Santos-Fernandez et al. (2022) Tier 5 B C M Q 
Supola et al. (2022) Tier 5 O R - Q 
Barron et al. (2025) Tier 5 B R M Q 
Jiao et al. (2025) Tier 5 O I - S 

Participant competition levels are categorized based on the Participant Classification Framework (McKay et al., 2021): Tier 5 (World Class): Athletes 
from top global leagues (e.g., NBA) or Olympic/World Championship medalists, representing the highest competitive level; Tier 4 (Elite/International 
Level): Athletes from international professional leagues (e.g., French professional basketball league) or national team members; Tier 3 (Highly 
Trained/National Level): Athletes from national domestic leagues (e.g., Italian Serie C) or NCAA Division II/III programs; Tier 2 (Trained/Develop-
mental): Youth competitive athletes (e.g., U14 championship participants) with regular sport-specific training and local/regional competition experi-
ence. Abbreviations: O = offensive; D = defensive; B = both; I = individual; R = interactional; C = collective; M = modeling study; – = not applicable; 
S = state-based; Q = sequence-based; MX = mixed. 
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Table 4. Study-level synthesis of spatial and spatiotemporal indicators and their interpretation. 
Author Objective Sample Methodology Metric definition Authors’ interpretation Review interpretive caution Reported limitation 

Bourbousson 
et al. (2010a) 

To analyze spatiotemporal 
coordination between  

basketball players during 
match play using a  

dynamical systems appro-
ach. 

Data were drawn from 
six game sequences in a 

2008 French men's  
professional match,  

including 10 players, 20 
intra-team pairs, and 25 

inter-team pairs. 

Relative 
Phase  

Analysis; 
Coordination 
Dynamics. 

Dyadic relative phase: the phase 
relationship between two  

players’ longitudinal or lateral 
displacement trajectories, used 

to quantify in-phase, anti-phase, 
or transitional coordination 

between player dyads. 

Player dyads showed strong    
in-phase relations in the longitu-

dinal direction, especially for 
matched player–opponent 

dyads, indicating movement co-
upling shaped by game de-

mands. 

This metric describes dyadic 
coordination, but it does not 

specify the tactical purpose of 
the coupling or whether the 

observed relation was  
beneficial for either team. 

Based on six sequences 
from one professional 
match; player location 

was estimated from video 
tracking, and tactical con-
text was not fully linked 

to the observed phase    
patterns. 

Bourbousson 
et al. (2010b) 

To examine spatiotempo-
ral coordination between 
two teams during match 
play by analyzing team-

level movement dynamics 
within a dynamical 

 systems framework. 

Data were drawn from 
one professional men’s 
basketball match, inclu-
ding six selected game 
sequences involving 

two teams (10 players). 

Relative 
Phase  

Analysis. 

Team spatial center and stretch 
index: the geometric center of 
each team and the mean dis-

tance of players from that  
center, used to quantify team 
displacement, expansion, and 

contraction. 

The two teams showed strong 
longitudinal in-phase coordina-
tion, while stretch-index pat-

terns suggested reciprocal 
expansion and contraction 

between the attacking and de-
fending teams. 

These indicators describe 
team movement and spacing, 
but they should not be read as 
direct evidence of tactical ef-
fectiveness without informa-
tion on possession phase and 

action context. 

Based on one professional 
match and six selected 
sequences; team-level 

averages may mask indi-
vidual roles and specific 

tactical actions. 

Shortridge et 
al. (2014) 

To quantify spatial        
variation in basketball 

shooting efficiency by de-
veloping spatially explicit 
metrics that account for 

shot location and league-
wide  

shooting tendencies. 

All field-goal attempts 
from the 2011–2012 
NBA regular season, 
including more than 

140,000 shots taken by 
players with at least 250 

shot attempts. 

Empirical  
Bayes Spatial 
Smoothing. 

Spatial relative field-goal  
efficiency: empirical Bayes-

smoothed shooting efficiency at 
court-specific locations, used to 

estimate location-adjusted      
shooting performance. 

Spatially explicit metrics        
differentiated players’ location-

specific shooting ability and 
showed that players with similar 

overall shooting percentages 
may differ across court areas. 

These metrics describe where 
shooting efficiency is higher 

or lower, but they do not 
show how the shot location 

was created within the  
possession. 

Based on shot-location 
data from one NBA sea-
son; defensive pressure, 
passing sequence, and 

possession context were 
not directly included. 

Esteves et al. 
(2015) 

To examine collective 
spatial distribution  

patterns in basketball in 
relation to offensive and 
defensive performance 

outcomes. 

Three U14 competitive 
basketball games,  

including 10 selected 
offensive sequences. 

Multivariate 
Analysis of 
Variance;  

Mixed-design 
ANOVA. 

Court-area occupation ratio: the 
number of attackers, the number 
of defenders, and the attacker-
to-defender ratio within seven 
predefined court areas during 

offensive sequences. 

Spatial distribution differed by 
court area; defensive numerical 
superiority near the basket was 
associated with successful of-

fensive outcomes. 

These measures describe local 
numerical distribution, but 

they do not identify the  
tactical actions that created 

the numerical pattern. 

Exploratory analysis of 
three U14 games and 10 

selected sequences;       
findings are limited by 

small sample size and yo-
uth competition context. 

Esteves et al. 
(2016) 

To examine how space 
occupation near the 
basket influences 

collective behaviors and 
performance outcomes 

in youth basketball. 

Ten competitive  
games involving 13 

U14 teams. 

SMD; 
Cross- 

correlation; 
Multinomial 

Logistic  
Regression. 

Local shot-space indicators: 
the number of attackers, the 
number of defenders, attac-
ker–defender interpersonal 
distance, and shooter-to- 
basket distance measured  

around shot attempts. 

Larger attacker–defender  
distance and shorter distance 
to the basket increased the  
likelihood of a converted 
shot; defensive numerical 
overload near the scoring  
target was also associated 

with offensive success. 

These indicators describe 
local numerical and          

distance constraints near the 
basket, but they do not  

identify the specific  
offensive action that created 

the advantage. 

Youth sample only;  
selected sequences from 

U14 games; two-         
dimensional video       

digitization; and limited 
generalizability to       

senior or professional 
basketball. 
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Table 4. Continue... 
Author Objective Sample Methodology Metric definition Authors’ interpretation 

Review interpretive cau-
tion 

Reported limitation 

Franks et al. 
(2015) 

To quantify the indepen-
dent influence of NBA    

defenders on opponents’ 
shot selection and shooting 

percentages across court 
regions, and to describe 

spatially encapsulated indi-
vidual defensive ability. 

Approximately  
115,000 half-court  

offensive plays lasting 
at least 5 seconds from 

the 2013–14 NBA  
regular season. 

Log-Gaussian 
Cox Process; 

Hidden Markov  
Model. 

Defensive shot frequency     
effect and defensive shot      

efficiency effect: model-based 
estimates of how a defender  

alters opponent shot frequency 
and shot success across court 

regions. 

Defenders influenced shot frequency  
and shotefficiency in different ways, 

 allowing defensive impact to be  
mapped 

across court regions. 

These model-derived 
effects depend on inferred 
defensive assignments and 

should be interpreted  
within the team defensive 

context, rather than as fully 
isolated individual  
defensive ability. 

Individual defensive 
effects could not be  
fully separated from 

team defensive strategy 
and teammate support; 
results were based on 
one NBA season of 

optical tracking data. 

Sampaio et al. 
(2014) 

To identify game perfor-
mance profiles using NBA 
player-tracking and techni-
cal  statistics, and to distin-

guish key performance 
characteristics of All-Star 
and non-All-Star players 
through clustering and 
discriminant analysis. 

Tracking and non- 
tracking data from  
548 players across 

1,230 NBA regular- 
season games in the 

2013–14 season. 

Linear 
Discriminant  

Analysis; 
k-means Cluster 

Analysis. 

Player-tracking performance 
 profile indicators: NBA  

tracking and non-tracking  
variables describing shooting 

type, touches, passing, reboun-
ding, speed–distance activity, 

and defensive actions. 

All-Star players were  
mainly distinguished by 

elbow touches, defensive rebounds, 
close touches, close points, pull-up  
points, and lower defensive speed;  
cluster analysis identified scoring, 
 passing, defensive, and all-around  

profiles. 

These variables describe 
player performance  

profiles across a season, 
but they do not show the 
possession-level tactical 

process that produced each 
action. 

All-Star grouping was 
based on media 

selection, full-court 
video was unavailable 
 to verify tracking data, 
and the cluster analysis 

used only complete 
cases. 

Skinner et al. 
(2015) 

To estimate player-skill  
parameters and lineup- 

interaction patterns, and to 
use them to predict team  
offensive efficiency and 
assess how player skills 

contributed to team  
performance. 

Simulated data for 
5,000 possessions,  
together with 780  

offensive sequences 
from the 2011 NBA 

playoff game between 
the Grizzlies and the 

Thunder. 

Markov Chain 
Model. 

Offensive network transition 
model: player-skill and lineup- 
interaction parameters used to 

represent possessions as  
transitions through offensive 
states and to predict lineup  

performance. 

The model inferred player skills  
from simulated data and showed  

that limited real-game data  
could describe how a player interacted 

with different five-man lineups. 

The model describes  
offensive structure under 

simplified network  
assumptions, but it does 

not directly identify  
observed tactical intent or 

specific play design. 

Player-tracking data 
were not publicly 

available; the main 
validation used simulated 

data; and the 
real-game application 
was based on a limited 

playoff sample. 

Cervone et al. 
(2016) 

To construct a multiresolu-
tion stochastic process  

model to simulate changes 
in player movement during 

a possession and predict 
the possession  

outcome. 

Tracking data  
from 461 players 
 in the 2013–14  
NBA season. 

Multiresolution 
Stochastic Process

Modeling; 
Markov Chain 

Modeling; 
Bayesian  
Inference; 

Maximum Likeli-
hood Estimation. 

Expected possession value: 
model-estimated expected  

points remaining in a posses-
sion, derived from  

multiresolution stochastic  
modeling of player movement 

and discrete game events. 

The model showed that  
offensive value could be  

updated continuously 
during a possession and  
could reveal how player  

decisions and spatial  
strategies changed  

expected outcomes. 

EPV describes model- 
estimated possession  
value, but its tactical  
meaning depends on  

how the model defines  
states, transitions, and  

relevant spatial  
information. 

High computational 
complexity; reliance on 

high-quality optical  
tracking data; and 

model assumptions about 
possession states,  

transition kernels, and 
event segmentation. 

Santana et al. 
(2019) 

To analyze basketball  
offensive structure through 

concatenated space- 
creation dynamics and to 
characterize team tactical 

patterns. 

Four NBA teams  
from the 2013–2014 

season, including  
multiple matches  

and offensive  
possessions. 

Chi-square  
Analysis. 

Space-creation dynamics  
concatenation classes:  
isolated, independent  

concatenated, and dependent 
concatenated offensive tactical 

actions coded within ball  
possessions. 

The framework differentiated  
team offensive structures;  

the Spurs showed longer sequences  
with more dependent concatenations, 

whereas other teams used shorter  
or more direct patterns. 

The metric describes the 
sequence structure of  

offensive tactics, but it  
depends on manual  

coding and does not di-
rectly quantify spatial posi-
tion or defender response.

Limited to four NBA  
teams; observational 

match analysis; reliance 
on expert-defined coding 
categories; and no direct 
use of tracking-derived 

spatial coordinates. 
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Author Objective Sample Methodology Metric definition Authors’ interpretation Review interpretive caution Reported limitation 

Manisera et al. 
(2019) 

To use tracking-data visuali-
zation and clustering analysis 

to reveal players’ spatial 
distribution patterns and 

inform tactical optimization. 

133,662 data 
points from a 
2016 friendly 

match in 
the Italian C-
Gold League. 

k-means 
Cluster 

Analysis. 

Spatial phase clusters and transi-
tion probabilities: clusters of  
homogeneous player-spacing  
configurations and transition  

matrices describing movement 
between game phases. 

Cluster analysis identified  
different offensive and defensive 

game phases and showed how 
tracking data could support visua-
lization and phase-based interpre-

tation of team movement. 

These clusters describe  
recurring spatial configurati-

ons, but their tactical  
meaning depends on how 

phases are labeled and linked 
to possession context. 

Single friendly match from the 
Italian C-Gold League; home-
team data only; device-based  

tracking; and no opponent or ball 
trajectory included in the  

final modeling. 

Daly-Grafstein 
and Bornn 
(2021) 

To analyze NBA shot trajec-
tories to examine the impact 
of defense on shooting accu-
racy and to assess perimeter 
defenders’ defensive ability 
and shooters’ resilience un-

der defensive pressure. 

Data from 
50,916 three-
point shot tra-
jectories in the 
2014–15 NBA 

season. 

Bayesian 
Regression; 

logistic 
Regression. 

Shot-trajectory factors and trajec-
tory-based shot-make probability: 

shot depth, left-right deviation, 
and entry angle derived from  
in-game ball trajectories and  
used to estimate shot-success  

probability. 

Contested three-point shots 
showed greater variance in depth 

and left-right accuracy; trajectory-
based metrics provided more 
stable estimates of perimeter  

defensive impact than opponent 
field-goal percentage. 

These metrics explain how 
contests affect shot trajecto-

ries, but they do not fully 
identify the defensive 

scheme, closeout timing, or 
help-defense context behind 

the contest. 

Restricted to NBA three-point 
shots; dependent on SportVU  
trajectory quality and modeled 

shot paths; and focused on  
perimeter defense rather than all 

defensive actions. 

Santos-Fernan-
dez et al. (2022) 

To estimate the intrinsic 
dimension (ID) of high- 

resolution tracking data and 
reveal differences in move-

ment complexity and behavi-
oral structure at the player 

and team levels. 

Tracking data 
from 15 

randomly 
selected games 
in the 2015–16 
NBA season. 

Intrinsic  
Dimension  
Estimation; 

Bayesian Linear 
Models;Non- 

parametric 
Tests. 

Intrinsic dimension: a Bayesian 
mixture-model estimate of the  

latent dimensionality of player-
tracking data, used to quantify 

movement complexity and  
dependence in offensive sequen-

ces and shot-chart patterns. 

ID values increased during  
phases such as creating space  

for passing and shooting, declined 
near the end of plays, and were 

higher in game-winning or  
closer-margin contexts. 

ID captures movement  
complexity and unpredictabi-

lity, but it does not specify 
which tactical action or  

player decision produced  
the observed complexity. 

Fixed number of mixture  
components; temporal  

dependence not fully modeled;  
no measurement-noise  

component; and need for  
validation in larger samples. 

Supola et al. 
(2022) 

To analyze the 
characteristics of 

secondary assists and 
their impact on scoring 

efficiency. 

Tracking data 
from the first 

half of the 
2015–16 NBA 

season, 
covering 531 

games. 

Logistic 
Regression; 

Linear 
Regression. 

Secondary-assist indicators:  
potential secondary assists, 
receiver openness, modeled 

Expected Points, and Average  
Points per Possession for shot  
opportunities created through  
pre-assist passing sequences. 

Secondary assists were  
associated with more open  

shots, higher expected scoring  
value, and particularly  
productive corner-three  

opportunities. 

These indicators describe the 
value of pre-assist ball  

movement, but they do not 
fully separate designed play 

execution from defensive  
breakdown or late-possession 

adaptation. 

Reliance on public SportVU  
and event records; exclusion of 

some foul-related outcomes from 
the model; and systematic  

imprecision in modeled Expected 
Points for some shooting areas. 

Barron et al. 
(2025) 

To use density-functional 
fluctuation theory to describe 

NBA player-position 
distributions and interaction 

patterns during games, and to 
identify differences in player 
roles and tactical-structure 

features. 

Player- 
tracking  

data from 
the 2022–23 
NBA season 

through 
January 20. 

Density- 
Functional 
Fluctuation 

Theory;  
Maximum 
Likelihood 
Estimation. 

Density-functional fluctuation 
theory indicators: player-density 

fields, location-preference  
parameters, player–player  

interaction terms, and player- 
gravity estimates inferred from 

NBA tracking data. 

DFFT predicted player locations, 
produced a team-position-based 
metric related to play outcomes, 
identified defensive positioning 
tendencies, and quantified offen-
sive player gravity while accoun-

ting for teammate positioning. 

These indicators describe 
spatial preference and  

interaction structure, but  
their tactical meaning  

depends on the density repre-
sentation and does not  

directly encode play calls or 
defensive assignments. 

Player influence was represented 
through two-dimensional Gaus-

sian density fields; player-specific 
analysis was limited to selected 

high-minute players; and physical 
attributes such as height or leaping 
ability were not directly included 

in the model. 

Jiao et al. 
(2025) 

To identify spatiotemporal 
factors distinguishing  

successful and unsuccessful 
possessions using large-scale 

NBA tracking data. 

Tracking data 
from 632 NBA 
games in the 

2015–16 NBA 
season. 

Independent  
t-test; 

Mann– 
Whitney U test. 

Possession-level spatiotemporal 
indicators: ball kinematics,  

offensive and defensive team  
spatial structure, shooter-specific 
spatial variables, and contextual 

variables calculated for  
set-play possessions. 

Successful shot outcomes were 
mainly distinguished by  

shooter-related spatial variables, 
including shorter shot distance, 

larger defender-related shot angle, 
and greater separation from the 

nearest defender. 

These indicators identify  
spatial differences between 
made and missed shots, but 

they do not on their own  
explain the tactical process 
that created the shooting  

condition. 

Observational design; single NBA 
season; no player-specific  

contribution analysis; and limited 
integration of technical, physical, 
and tactical variables beyond the 

tracking data. 
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Table 5. Interpretive scope of spatial and spatiotemporal indicator categories. 
Local indicators Main indicators Primary descriptive use Interpretive boundary 

Individual  
actions and local 
spatial indicators 

Shot location, spatial field-goal  
efficiency, shooter-to-basket  

distance, shot distance, nearest- 
defender distance, and shot angle. 

Describe the immediate spatial  
conditions of a shot, including its  
location, the shooter’s distance to  
the basket, and the space available  

at the moment of shooting. 

These indicators describe the immedi-
ate shot condition, but not the full  

possession process that produced it. 
Stronger tactical interpretation requires 

information on the preceding pass, 
dribble, screen, or defensive rotation. 

Interactional  
indicators 

Dyadic relative phase,  
attacker-defender interpersonal  

distance, passer-receiver relations, 
secondary-assist indicators, and 

space-creation dynamics  
concatenations. 

Describe player-player relations,  
including coordination,  

interpersonal spacing, passing links, 
and offensive action sequences 

within possessions. 

These indicators show how players 
were related in space and time, but they 
cannot determine on their own whether 

the relation reflected planned  
execution, defensive breakdown, or 

late-possession adaptation. 

Collective  
indicators 

Team spatial center, stretch index, 
court-area occupation ratio, team 

area, team width, team length, cen-
troid movement, spatial phase clus-

ters, and transition probabilities. 

Describe team shape, spacing,  
expansion, contraction, court  

occupation, and transitions between 
recurring spatial configurations. 

These indicators characterize collective 
structure, but their tactical meaning  
depends on possession phase, ball  

location, opponent organization, and 
sequence outcome. 

Defensive- 
impact  

indicators 

Defensive shot frequency effect,  
defensive shot efficiency effect, near-

est-defender distance, defender- 
related shot angle, contest-related 

shot-trajectory factors, and trajectory-
based defensive impact. 

Describe how defender  
location, proximity, and contest  
conditions are associated with  
shot selection, shot success,  

and shot trajectory. 

These indicators can inform defensive 
evaluation, but individual defensive  
impact should be interpreted with  
caution because assignments, help  

defense, switching, and team coverage 
shape the observed effect. 

Model-derived  
indicators and 

complexity 
measures 

Expected possession value, offensive 
network transition parameters,  

density-functional player-density 
fields and interaction parameters, 

player gravity, and intrinsic  
dimension. 

Estimate possession value,  
player-lineup interactions, spatial  

influence, player gravity, and  
movement complexity from high- 

dimensional tracking data. 

These indicators provide model-based 
summaries rather than direct tactical  

labels. Their interpretation depends on 
model inputs, state definitions,  

segmentation rules, and validation 
evidence. 

 
Discussion 
 
Across the included studies, spatial and spatiotemporal in-
dicators were used to extend basketball performance anal-
ysis beyond outcome description toward the analysis of 
game behavior as it unfolds in space and time. Their value 
lies in revealing the local conditions of actions, the rela-
tions between players, and the broader organization of 
teams during possessions. At the same time, their meaning 
depends on the analytical level at which they are con-
structed and the possession context in which they are ob-
served. The following sections discuss how these indica-
tors support interpretation at the individual, interactional, 
collective, defensive, and model-derived levels, with atten-
tion to the conditions under which spatial evidence can be 
linked to tactical-performance claims. 
  
Local indicators and immediate action conditions 
Individual spatial indicators are commonly used to de-
scribe the immediate spatial conditions surrounding a 
player at the moment of action, including nearest-defender 
distance, location relative to the basket, and available space 
at the time of a shot or pass (Franks et al., 2015; 
Goldsberry, 2012; Miller et al., 2014; Reich et al., 2006; 
Shortridge et al., 2014). Because they are anchored to spe-
cific game events, these indicators provide a relatively di-
rect account of local playing conditions and are particularly 
useful for examining shot selection, shot difficulty, and the 
spatial constraints associated with immediate scoring op-
portunities. Their main analytical strength lies in the close 

correspondence between the measured variable and the vis-
ible game situation. Goldsberry (2012), for example, 
showed how shot location can be used to differentiate the 
spatial conditions under which offensive attempts are 
taken, and Shortridge et al.,(2014) extended this logic by 
using NBA shot-location data to estimate relative field-
goal efficiency across court locations. Franks et al.,(2015) 
used defender-shooter distance and related spatial features 
to characterize how tightly a shot was contested in a model 
of defensive shot frequency and shot efficiency based on 
NBA optical tracking data. At the youth level, Esteves et 
al.,(2016) showed that attacker-defender interpersonal dis-
tance and distance to the basket were associated with con-
verted shots in U14 competitive games. In these cases, the 
indicator refers to a condition that is directly observable in 
play, making it possible to describe what the player faced 
at that specific instant rather than inferring it indirectly 
from the final result alone. 

However, this interpretive clarity should not be 
overstated. Individual spatial indicators describe the spatial 
state in which an action occurs, but they do not explain how 
that state was created. A shot taken with substantial space 
may reflect effective offensive creation through off-ball 
movement, screening, or ball circulation, but it may also 
arise from a late defensive rotation or a missed assignment 
(Sampaio et al., 2016; Stavropoulos et al., 2021). This dis-
tinction remains important even when large tracking da-
tasets are used. For example, Jiao et al.,(2025) identified 
shot distance, defensive angle, and nearest-defender dis-
tance as important variables associated  
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with possession outcomes, but these variables still describe 
the shot condition rather than the preceding tactical se-
quence. Thus, the indicator captures the endpoint condition 
of the action, not the tactical process through which that 
condition emerged. 

Individual/local indicators remain analytically use-
ful because they stay close to the visible game situation. 
They can describe where an action occurred, how much lo-
cal space was available, and how closely it was contested, 
but they cannot by themselves explain how that situation 
developed. 

This limitation becomes clearer when individual 
spatial indicators are considered alongside traditional out-
come-based metrics. Measures such as field-goal percent-
age or opponent field-goal percentage provide limited in-
formation about how an action developed, but their mean-
ing is relatively stable because they summarize the out-
come itself (Kubatko et al., 2007; Lorenzo et al., 2010). By 
contrast, spatial indicators offer richer information about 
the immediate conditions of play, yet their interpretation 
depends more strongly on possession context (Correia et 
al., 2013; Rein and Memmert, 2016; McLean et al., 2017). 
An open shot identified through defender distance, for in-
stance, may indicate effective offensive creation in one 
possession but a defensive error in another. The local spa-
tial state may appear similar, whereas its tactical meaning 
may differ substantially. A further limitation is that these 
indicators are usually tied to discrete moments rather than 
to the temporal development of the possession (Correia et 
al., 2013; Gudmundsson and Horton, 2017; McLean et al., 
2017). This makes them more compatible with state-based 
measurement than with sequence-based analysis. Measures 
of shot location, defender proximity, and local separation 
can describe critical instants with considerable precision, 
but they are less suited to showing how defensive structure 
was displaced over multiple actions or how favorable shot 
conditions were created through prior movement and inter-
action (Cervone et al., 2016; Gudmundsson and Horton, 
2017; Jiao et al., 2025; Lamas et al., 2015). 

When interpreted in isolation, individual spatial in-
dicators can be overinterpreted. Their strength lies in show-
ing the local conditions in which an action occurred rather 
than explaining the full tactical process that produced 
them. For applied analysis, this means that an apparently 
favorable spatial condition should be interpreted alongside 
the possession sequence, defensive response, and eventual 
outcome, rather than being taken as sufficient evidence of 
offensive quality. Individual indicators are most useful for 
clarifying the immediate spatial problem facing the player 
at the moment of action. They are less able to explain how 
that spatial problem developed. Broader interpretation 
therefore depends on the surrounding sequence and on how 
the possession unfolded. 
  
Interactional indicators in offensive play 
Offensive play rarely emerges from isolated player actions 
alone. Many tactical advantages in basketball begin to de-
velop through local relations between players, such as 
those between a passer and receiver, a screener and ball-
handler, or an attacker and a nearby defender (Bourbous-
son et al., 2010a; Santana et al., 2019; Supola et al., 2022). 

For this reason, interaction-level spatial indicators provide 
a more tactically informative perspective than individual 
measures when the aim is to examine how local offensive 
actions are connected within the flow of play. These indi-
cators are distinguished by the fact that they do not simply 
describe where a player is, but how players are positioned 
relative to one another at moments when an advantage may 
be developing (Bourbousson et al., 2010a; Santana et al., 
2019; Supola et al., 2022). For example, Bourbousson et 
al.,(2010a) used dyadic coupling to examine how player 
relations evolved during play, drawing on six game se-
quences from a French professional match and relative-
phase analysis of intra-team and inter-team player dyads. 
Studies of passing networks and secondary assists have 
similarly shown how local offensive relations can reveal 
the development of actions before the final event is rec-
orded. Santana et al.,(2019) made this sequence logic more 
explicit by coding space-creation dynamics as isolated, in-
dependent concatenated, or dependent concatenated ac-
tions in possessions from four NBA teams, whereas Supola 
et al.,(2022) used SportVU-based secondary-assist indica-
tors to examine how pre-assist passing was related to re-
ceiver openness and expected scoring value. In this respect, 
interaction-level indicators move closer to the relational 
structure of offensive play than traditional outcome-based 
measures, which may indicate whether a possession ended 
in a score or turnover without showing how the local ad-
vantage was formed. 

However, this closer connection to the offensive 
process does not, by itself, resolve the problem of interpre-
tation. Local coordination does not carry a fixed tactical 
meaning, because similar interaction patterns may arise un-
der different offensive conditions. A short passer-receiver 
distance, for example, may reflect a deliberate compact ac-
tion designed to create an immediate connection, but it may 
also occur when offensive options have narrowed and the 
possession has become spatially compressed under defen-
sive pressure. In both cases, the indicator captures the local 
relation, but not the reason that relation assumed its ob-
served form (Gudmundsson and Horton, 2017; Lamas et 
al., 2015; McLean et al., 2017). The same caution applies 
to more structured sequence indicators. A dependent con-
catenation in Santana et al.,(2019) may indicate a deliber-
ately linked two-step action, but its tactical value still de-
pends on whether it disrupted the defense or merely ex-
tended the possession. Similarly, a secondary assist in 
Supola et al.,(2022) may indicate productive ball move-
ment, but it does not, by itself, distinguish the designed cre-
ation of an advantage from a late defensive rotation. For 
this reason, interaction-level analysis is particularly de-
pendent on temporal and situational framing. Unlike many 
individual indicators, which are often anchored to a single 
moment, interactional indicators derive much of their 
meaning from what occurs immediately before and after 
the observed relation (Bourbousson et al., 2010a; Correia 
et al., 2013; Santana et al., 2019). The same local pattern 
may therefore carry different tactical meanings depending 
on whether it occurs as part of a structured sequence, in 
response to a defensive rotation, or late in a possession af-
ter the initial action has broken down. These indicators 
show how local actions become linked, but their interpret- 
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tive value remains conditional on the sequence in which the 
relation is embedded (Bourbousson et al., 2010a; Lamas et 
al., 2015; Santana et al., 2019; Supola et al., 2022). 

This also helps explain their relationship with tradi-
tional outcome-based metrics. Interaction indicators can 
reveal how an advantage begins to emerge before the final 
result is recorded, making them more informative about the 
offensive process than conventional measures such as as-
sist rate or turnover count (Fewell et al., 2012; Santana et 
al., 2019; Supola et al., 2022). Yet precisely because they 
are tied more closely to the evolving structure of the pos-
session, their interpretive meaning is less stable unless the 
surrounding context is specified. A passing relation that ap-
pears tactically productive in one offensive context may 
have a substantially different interpretation in another if the 
defensive response, possession phase, or local spacing pat-
tern changes (Lamas et al., 2015; Sampaio et al., 2016). 

For applied work, interaction indicators are most 
useful when the analytical question concerns how a local 
advantage begins to form before the possession outcome is 
decided. They are particularly helpful for examining how 
passing options, screening relations, and temporary spatial 
advantages develop within the flow of play. In this respect, 
they provide information that conventional outcome 
measures cannot capture directly. Even so, they do not 
carry a self-contained tactical meaning. The same local re-
lation may reflect different offensive situations depending 
on timing, defensive reaction, and the wider sequence in 
which it occurs. Interaction-level indicators are therefore 
most informative when treated as relational evidence 
within a possession rather than as standalone markers of 
offensive quality. 
  
Collective organization indicators in offensive play 
At the collective level, collective organization indicators 
are used to describe how offensive organization emerges at 
the team level, rather than through isolated actions or short-
range player relations. Measures such as team spread, 
stretch index, and centroid displacement are useful because 
they show how a team expands, contracts, and reorganizes 
over the course of a possession (Bourbousson et al., 2010b; 
Sampaio et al., 2014; Esteves and Arede, 2015). For exam-
ple, Bourbousson et al. (2010b) analyzed six sequences 
from a professional match using team spatial center and 
stretch index, showing that these measures captured inter-
team coordination and expansion-contraction patterns. 
This makes them particularly relevant when the aim is to 
describe offensive shape and team structure rather than the 
conditions of a single action. Studies based on centroid 
movement and dispersion-related measures have shown 
that team structure may shift from a more compact config-
uration in transition to a more expanded arrangement in 
half-court offense, reflecting the progression from initial 
advancement to organized setup (Bourbousson et al., 
2010b; Esteves et al., 2016; Manisera et al., 2019). In youth 
basketball, Esteves and Arede (2015) used the number of 
attackers, number of defenders, and attacker-defender ratio 
across seven court      areas to show that collective spatial 
distribution differed according to offensive and defensive 
outcomes. Manisera et al.,(2019) used spatial clustering 
and transition probabilities to segment game phases from 

tracking data, illustrating how recurring team configura-
tions can be represented beyond single events. By contrast, 
conventional outcome-based measures can describe 
whether a possession ended successfully, but they provide 
much less information about how team structure changed 
before that outcome occurred (Kubatko et al., 2007; Gómez 
et al., 2008; Lorenzo et al., 2010). 

The main limitation is that, once offensive behavior 
is summarized at the collective level, the local decisions 
that generated that structure become less visible. A wide 
offensive shape, for example, may reflect deliberate spac-
ing and coordinated ball movement, but it may also emerge 
from defensive disorganization or temporary dispersal late 
in the possession. What the indicator captures is the result-
ing spatial arrangement, not the full tactical process 
through which that arrangement was created (Rein and 
Memmert, 2016; Gudmundsson and Horton, 2017; Chen et 
al., 2025). This limitation is particularly important for in-
dicators such as team center, stretch index, and court-area 
occupation because they aggregate several player locations 
into a single team-level description. In this respect, collec-
tive indicators differ from individual and interactional 
measures. Individual indicators remain tied to specific ac-
tions, whereas interactional indicators preserve part of the 
local relational structure through which an advantage de-
velops. Collective indicators, by contrast, provide a 
broader and more stable picture of team shape, but they do 
so by moving further away from the moment-to-moment 
processes that generated that shape (Bourbousson et al., 
2010b; Manisera et al., 2019; Santos-Fernandez et al., 
2022). 

This limitation also explains why collective indica-
tors require careful interpretation when they are used to 
make claims about tactical performance. Similar collective 
patterns may serve different offensive purposes under dif-
ferent game conditions. The same team spread, for in-
stance, may be associated with effective half-court spacing 
in one possession and with disorganized or passive disper-
sion in another. Similarly, a larger stretch index may reflect 
purposeful floor spacing, but it may also indicate that play-
ers are disconnected from the ball or from the next action. 
For the same reason, their relationship with traditional out-
come-based metrics is more indirect than that observed for 
individual or interactional indicators. A measure such as 
points per possession provides a stable summary of the out-
come, whereas collective spatial indicators provide richer 
information about offensive structure but depend more 
heavily on how the possession phase is defined and which 
part of the sequence is analyzed (Manisera et al., 2019; 
Gudmundsson and Horton, 2017; Cervone et al., 2016). 

For applied analysis, collective indicators are most 
useful when treated as descriptors of team structure rather 
than as direct evidence of tactical quality. They are most 
informative when interpreted alongside lower-level indica-
tors and possession outcomes, so that team shape, local     
interactions, and action results can be interpreted as parts 
of the same sequence rather than as separate pieces of evi-
dence. Used in this way, collective indicators help place 
offensive actions within the wider spatial structure of the 
possession and show how local behavior is embedded in 
broader team organization. 
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Defensive-impact indicators 
From a spatial perspective, defensive tactics in basketball 
concern how space is controlled, denied, and redistributed 
in response to offensive actions. Positional-data studies 
therefore tend to represent defense not as a sequence of iso-
lated reactions, but as a continuous process of spatial ad-
justment relative to the ball, offensive players, and key 
court areas (Bourbousson et al., 2010a; 2010b; Franks et 
al., 2015). This framing is important because it shifts de-
fensive analysis away from outcomes alone and toward the 
spatial organization through which defensive pressure is 
generated. At the local level, many studies describe defen-
sive behavior through proximity- and angle-based indica-
tors, such as defender-ball distance, defender-shooter dis-
tance, and defensive angle. These measures are useful be-
cause they capture the immediate nature of defensive en-
gagement in situations such as on-ball pressure and shot 
contests (Fernández et al., 2021). For example, Franks et 
al.,(2015) used NBA optical tracking data to estimate de-
fensive effects on shot frequency and shot efficiency across 
court regions. Jiao et al.,(2025) used defensive angle and 
defensive distance difference as indicators of the direction 
and intensity of defensive pressure at the moment of shoot-
ing. In this respect, these indicators provide more process-
relevant information than traditional defensive outcome 
metrics, such as opponent field-goal percentage, which 
summarizes defensive outcomes but reveals little about 
how those outcomes were generated. Daly-Grafstein and 
Bornn (2021) extended this point by using in-game shot 
trajectories to examine how contests changed shot depth, 
left-right accuracy, entry angle, and modeled shot-make 
probability, thereby showing that defensive impact may be 
reflected in shot-trajectory quality rather than only in the 
binary make-or-miss outcome. At the same time, the mean-
ing of local defensive pressure is not fixed or self-evident 
(Chen et al., 2025; Low et al., 2020; Rein and Memmert, 
2016; Rico-González et al., 2021). Similar spatial relations 
may correspond to different defensive situations, including 
deliberate sagging, late recovery, switching, or help cover-
age (Daly-Grafstein and Bornn, 2021; Franks et al., 2015; 
Sampaio et al., 2016). A short defender-shooter distance, 
for example, may indicate an effective closeout in one pos-
session, whereas in another it may simply reflect a late re-
action after the defense has already been compromised. 

Defensive analysis becomes more tactically in-
formative when attention shifts from isolated defender-at-
tacker relations to coordination among defenders. Indica-
tors based on inter-defender distance, relative phase, or 
synchronization provide insight into how defensive units 
move together, recover, and share responsibilities under of-
fensive pressure (Bourbousson et al., 2010a; 2010b; Rico-
González et al., 2021). For instance, Bourbousson et al., 
(2010a; 2010b) used player trajectories from selected pro-
fessional match sequences to examine dyadic coordination, 
team spatial center, and stretch index relations, showing 
how defensive movement can be represented as coupled 
behavior rather than as isolated one-on-one responses. This 
interactional level is especially valuable for examining be-
haviors such as switching, hedging, and collective recovery 
because it captures how defenders respond as a unit rather 
than as separate individuals. Even at this level, however, 

the tactical meaning of an observed pattern cannot be as-
sumed directly. Comparable coordination patterns may 
arise from proactive tactical organization in one possession 
and reactive adaptation in another (Bourbousson et al., 
2010a; 2010b; Silva et al., 2013). These indicators there-
fore reveal the relational structure of defensive movement, 
but not necessarily the defensive principle that explains 
that structure. 

A further level of abstraction appears in collective 
and model-based approaches. Collective indicators such as 
defensive centroid displacement, stretch index, and com-
pactness describe how defensive shape expands, contracts, 
and reorganizes across possessions (Bourbousson et al., 
2010b; Manisera et al., 2019; Sampaio et al., 2014). In 
more recent possession-level work, Jiao et al.,(2025) cal-
culated defensive team centroid, team width, team length, 
and related spatiotemporal variables across set-play pos-
sessions, showing how defensive structure can be summa-
rized beyond the immediate contest. Model-based repre-
sentations, including spatial influence fields, defensive 
flow frameworks, and entropy-based measures, go further 
by translating defender positioning into continuous repre-
sentations of control, uncertainty, or coverage (Barron et 
al., 2025; Daly-Grafstein and Bornn, 2021; Franks et al., 
2015). Barron et al.,(2025), for example, used density-
functional fluctuation theory to infer player-density fields, 
player-to-player interactions, and player-gravity estimates 
from NBA tracking data, whereas Franks et al.,(2015) 
modeled defensive impact through court-region-specific 
effects on shot frequency and shot efficiency. These ap-
proaches are valuable because they make broader defen-
sive structure analytically visible and can summarize de-
fensive organization over longer temporal scales than local 
event-based measures. Their interpretive challenge, how-
ever, is that they increasingly describe defense through ag-
gregated structure or mathematical representation rather 
than through directly observable tactical action. As a result, 
the defensive meaning of these outputs depends not only 
on game context but also on how defensive space was mod-
eled in the first place. 

Defensive indicators do not all address the same an-
alytical question. Proximity-based measures are most help-
ful when the analytical focus is immediate contest pressure, 
coordination metrics are better suited to examining how de-
fenders move together, and collective or model-derived in-
dicators provide information about the broader distribution 
of defensive control. Treating these measures as inter-
changeable can obscure the tactical question being asked. 
In practical analysis, defensive interpretation is usually 
strongest when these levels are considered together. Local 
indicators show where pressure was applied, interactional 
measures show how defenders adjusted collectively, and 
broader indicators place those actions within the overall de-
fensive structure of the possession. Taken alone, each level 
provides only partial evidence. 
  
Model complexity and interpretive clarity 
As positional datasets have become richer, the models used 
to analyze them have also become more complex. Recent 
studies have moved beyond simple spatial descriptors and 
increasingly use models designed to capture possession    
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dynamics, defensive influence, movement complexity, and 
temporal changes in offensive value (Barron et al., 2025; 
Cervone et al., 2016; Franks et al., 2015; Santos-Fernandez 
et al., 2022). For example, Cervone et al.,(2016) used a 
multiresolution stochastic process model to estimate ex-
pected possession value during a possession, Skinner and 
Guy (2015) represented offensive possessions as transi-
tions through network states, and Santos-Fernandez et 
al.,(2022) used intrinsic dimension to describe movement 
complexity in high-resolution tracking data. This develop-
ment has broadened what can be measured, but it has also 
made it more difficult to judge how directly a model output 
corresponds to tactical interpretation. As models become 
more abstract, the pathway from measured input to tactical 
meaning is increasingly mediated by modeling assump-
tions (Barron et al., 2025; Franks et al., 2015; Skinner and 
Guy, 2015). Quantities such as expected possession value, 
spatial control, and movement complexity may provide an-
alytically useful summaries, yet their tactical significance 
depends on how the model defines state, interaction, and 
relevance at the outset (Barron et al., 2025; Cervone et al., 
2016; Santos-Fernandez et al., 2022). This is also evident 
in density-functional approaches, where player-density 
fields, spatial-preference parameters, and player-gravity 
estimates can make player interaction visible, but only 
through the representational assumptions of the model it-
self (Barron et al., 2025). These outputs therefore do not 
have self-evident tactical meaning. Their practical meaning 
depends on whether the modeling logic remains suffi-
ciently transparent for analysts to understand which aspect 
of play is actually being represented. 

A related issue concerns analytical scale. Highly de-
tailed models may operate at a level of resolution that ex-
ceeds the level at which tactical behavior is typically inter-
preted or communicated in applied settings (Jiao et al., 
2025; Torres-Ronda et al., 2022; Wu et al., 2023). Con-
versely, aggregated outputs may improve tractability while 
obscuring the local interactions and decision sequences 
through which tactical behavior is generated (Cervone et 
al., 2016; Manisera et al., 2019; Santos-Fernandez et al., 
2022). For instance, expected possession value can sum-
marize changes in possession value over time, but the re-
sulting value trajectory still requires information about the 
action sequence, ball location, and defensive response be-
fore it can be translated into a tactical explanation. Simi-
larly, intrinsic dimension can indicate increased movement 
complexity or unpredictability, but it does not specify 
which offensive action, spacing pattern, or defensive reac-
tion generated that complexity. The problem is therefore 
not simply one of model complexity or sophistication, but 
one of alignment between the scale of modeling and the 
scale of explanation. When this alignment is weak, model 
complexity may increase descriptive precision without 
necessarily improving tactical understanding. 

This point should not be read as an argument for 
using simpler models by default. Analytical sophistication 
is often necessary to capture the complexity of competitive 
team behavior, particularly when the aim is to represent 
evolving interactions rather than isolated events (Barron et 
al., 2025; Cervone et al., 2016; Wu et al., 2023). This is 
especially relevant in basketball, where a possession may 

contain simultaneous off-ball movement, defensive adjust-
ment, ball circulation, and changing shot opportunities that 
cannot be captured by a single event count. The more im-
portant issue is whether complexity serves an explanatory 
purpose. Models make their strongest contribution when 
they clarify how tactical patterns emerge, stabilize, or 
change during play, rather than merely producing techni-
cally sophisticated outputs that are difficult to interpret 
within a coaching or performance-analysis context (An-
drienko et al., 2021; McLean et al., 2017; Vilar et al., 
2012). 

The main issue for future work is therefore not 
whether models should become more complex, but 
whether that complexity helps answer a recognizable tacti-
cal question. Model structure, inputs, temporal scale, and 
outputs should be chosen with the intended interpretation 
in mind. This requires researchers to report not only model 
performance but also the spatial inputs, state definitions, 
temporal windows, and validation checks that connect 
model outputs to basketball-specific interpretatio. A model 
is most useful when it clarifies the game process it is in-
tended to represent rather than simply producing a more 
sophisticated summary. 
  
Limitations and Future Directions 
Several limitations of this review should be acknowledged. 
The included studies differed in data sources, sampling 
rates, competition levels, and indicator definitions, which 
made direct comparisons difficult. Some studies used only 
shot-location or event-linked data, whereas others used full 
player-tracking data or model-based outputs. In addition, 
many studies reported what an indicator was associated 
with, such as shot outcome, spacing, or possession value, 
but provided less detail about the exact possession phase or 
action sequence in which the indicator was observed. Ac-
cordingly, the present review focused on how indicators 
were defined, operationalized, and interpreted rather than 
on ranking studies or quantitatively synthesizing their find-
ings. 

Future studies should make the link between spatial 
indicators and basketball actions more explicit. One useful 
approach would be to analyze complete possessions rather 
than isolated moments. For each possession, researchers 
could first identify the phase of play, such as transition, 
early offense, half-court offense, or shot creation. The key 
action type could then be coded, such as a screen, cut, 
handoff, drive, pass, closeout, switch, or defensive rota-
tion. Spatial indicators could be calculated within the cor-
responding temporal window, including shooter-defender 
distance, passer-receiver distance, team width, team center, 
defensive spacing, and expected possession value. This 
would show not only the indicator value itself but also the 
basketball action and possession context in which that 
value emerged. 

Future work should also compare these indicators 
against expert-coded tactical judgments and possession 
outcomes. For example, an open shot identified by de-
fender distance could be compared with coaches’ judg-
ments of whether the possession reflected successful spac-
ing, a missed defensive rotation, or a late-clock forced shot. 
Similarly, a large team spread could be compared against 
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expert judgments of whether it reflected effective floor 
spacing or disconnected offensive movement. These 
checks would help determine when a spatial indicator sup-
ports tactical interpretation and when it merely describes 
the visible arrangement of players. 

To support this approach, future studies should re-
port several core methodological details more clearly: the 
tracking system and sampling rate, how possessions started 
and ended, how phases of play were defined, how posses-
sions were started and ended, who coded the basketball ac-
tions, whether coding reliability was checked, and how 
model outputs were validated. Clearer reporting of these 
details would make spatial and spatiotemporal indicators 
more comparable across studies and more interpretable for 
coaches, analysts, and researchers. 
 

Conclusion 
 
This review examined how spatial and spatiotemporal in-
dicators have been used to analyze tactical performance in 
standard regulation 5-on-5 basketball. Compared with 
event counts, shooting percentages, and possession-based 
outcomes, these indicators provide a more detailed descrip-
tion of where players were located, how they were posi-
tioned relative to one another, how teams occupied space, 
and how spatial conditions changed during possessions. 

The included studies show that different indicators 
support different levels of tactical interpretation. Local in-
dicators, such as shot location, defender distance, and dis-
tance to the basket, describe the immediate conditions of 
an action. Interactional indicators capture relations among 
players, such as dyadic coordination, passer-receiver links, 
and linked offensive actions. Collective indicators charac-
terize team spacing, court occupation, and changes in team 
shape. Defensive-impact indicators describe contest pres-
sure, defensive positioning, and defender influence on shot 
selection or shot success. Model-derived and complexity 
indicators, such as expected possession value, player grav-
ity, and intrinsic dimension, summarize possession value, 
player influence, and movement complexity under specific 
model assumptions. 

These distinctions are important because similar in-
dicator values or spatial configurations may be produced 
by different basketball situations. An open shot may result 
from effective off-ball movement, a late defensive rotation, 
or a broken play. An expanded team shape may indicate 
effective spacing, but it may also reflect disconnected of-
fensive movement. Accordingly, spatial and spatiotem-
poral indicators should not be treated as direct evidence of 
tactical effectiveness unless the possession phase, action 
sequence, defensive response, and, where relevant, model 
assumptions are clearly specified. 

Future studies should report the tracking data 
source and sampling rate, how possessions and phases of 
play were defined, how each indicator was calculated, 
which basketball actions were coded, how model outputs 
were validated, and what interpretive boundaries were 
placed on tactical claims. Clear reporting of these details 
would make spatial and spatiotemporal indicators more 
comparable across studies and more useful for linking po-
sitional data to basketball-specific performance interpreta-
tion. 
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Key points

•   Spatial and spatiotemporal indicators are primarily used 
to describe how basketball teams occupy space, apply de-
fensive pressure, and organize collective movement dur-
ing 5-on-5 play, rather than to directly quantify tactical 
quality. 

•   Across studies, similar tactical behaviors are often oper-
ationalized using different indicators, reference frames, 
and analytical scales, limiting comparability and cumu-
lative interpretation. 

•   Many indicators function as descriptive proxies whose 
tactical meaning depends on modelling assumptions, 
contextual reference, and the extent to which opponent 
behavior is explicitly considered. 

•   Progress in spatial analyses of basketball tactics is more 
likely to come from clearer links between indicator defi-
nitions and tactical questions than from further expansion 
of available metrics.
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Appendix 
 
Appendix 1A. STROBE-based item list and decision rules. 
Item Reporting do-

main Adequately reported Partially reported Not reported 

Q1 Title/abstract 
The title or abstract clearly identifies the 

study topic, basketball context, and  
spatial or spatiotemporal focus.

Only some of these elements 
are stated. 

The spatial or  
spatiotemporal focus is 

unclear.

Q2 Background/ra-
tionale 

The rationale is clearly linked to  
basketball performance, spatial behavior, 

or tactical analysis.

The rationale is stated but the 
link to spatial or tactical analy-

sis is incomplete.

No clear rationale is 
provided. 

Q3 Objectives The study objective or research question 
is clearly stated. 

The objective is stated but 
lacks detail or direct connec-

tion to the analysis.

No clear objective is  
reported. 

Q4 Study design The study design or analytical approach is 
clearly identifiable.

The design or approach is im-
plied but not fully described. 

The design cannot be 
determined.

Q5 Setting and com-
petition context 

The competition level, setting, and rele-
vant match context are clearly reported.

Some context is provided, but 
key details are missing. 

The setting or competi-
tion context is unclear.

Q6 Participants or 
sample 

The players, teams, games, possessions, 
shots, or events analyzed are  

clearly described.

The sample is described but 
important details are missing. 

The sample cannot  
be identified. 

Q7 Variables Key variables, including spatial or spatio-
temporal variables, are clearly defined.

Variables are named but defi-
nitions are incomplete.

Key variables are not 
defined.

Q8 Data source/ 
measurement 

The source and measurement of  
location-based data are clearly reported.

The data source or measure-
ment procedure is only partly 

described.

The data source or 
measurement procedure 

is unclear.

Q9 Bias or measure-
ment uncertainty 

Potential sources of bias, uncertainty, or 
measurement limitation are discussed.

Bias or uncertainty is men-
tioned only generally.

No relevant bias or un-
certainty is discussed.

Q10 Study size 
The number of players, teams, games, 

possessions, shots, events, or observations 
is clearly reported.

Some sample-size information 
is provided, but the analytical 

unit is unclear.

Study size is not  
reported. 

Q11 
Quantitative  

variables/indica-
tor handling 

The handling or calculation of spatial or 
spatiotemporal indicators is clearly de-

scribed.

Indicators are reported but cal-
culation or handling details are 

incomplete.

Indicator handling is un-
clear or absent. 

Q12 
Statistical or  

analytical  
methods 

The statistical or analytical procedure is 
clearly described. 

The procedure is described 
generally, but key details are 

missing.

The analytical proce-
dure is unclear. 

Q13 Participants/ 
sample flow 

The included sample or analyzed cases 
are clearly accounted for. 

Some sample-flow infor-
mation is provided but incom-

plete.

Sample flow or inclu-
sion in analysis is un-

clear.

Q14 Descriptive data Relevant descriptive information about 
the sample or data is reported.

Descriptive information is in-
complete.

Descriptive data are not 
reported.

Q15 Outcome data Outcome or performance data relevant to 
the indicator are clearly reported. 

Outcome data are reported but 
incompletely linked to the in-

dicator.

Outcome data are not 
reported. 

Q16 Main results Main findings are clearly reported in rela-
tion to the stated indicators or questions.

Main results are reported but 
lack detail or clear linkage. 

Main results are not 
clearly reported.

Q17 Additional  
analyses 

Additional or subgroup analyses, where 
used, are clearly reported. 

Additional analyses are  
mentioned but incompletely 

described.

Additional analyses are 
not reported or are  

unclear.

Q18 Key results Key results are summarized in relation to 
the study objectives. 

Key results are presented but 
their relation to the objective 

is incomplete.

Key results are not 
clearly summarized. 

Q19 Limitations 
Study limitations are clearly reported and 

linked to data, methods, indicators,  
or interpretation.

Limitations are mentioned 
only generally. 

Limitations are not re-
ported. 

Q20 Interpretation The interpretation is clearly linked to the 
reported results and basketball context. 

Interpretation is provided but 
the link to results or context is 

incomplete.

Interpretation is unclear 
or unsupported. 

Q21 Generalisability The applicability or scope of findings  
beyond the analyzed sample is discussed.

Generalisability is mentioned 
generally but not clearly  

explained.

Generalisability is not 
discussed. 

Q22 Funding/conflict 
of interest 

Funding and/or conflict of interest  
information is reported.

Only partial funding or con-
flict information is provided. 

No funding or conflict 
statement is provided.

Items that were not applicable to a specific modeling/analytics study were coded as non-applicable and excluded from percentage calculations. 
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Appendix 1B. Study-Level Reporting Appraisal of Empirical/Observational Studies Using a STROBE-Based Framework 
Study Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12 Q13 Q14 Q15 Q16 Q17 Q18 Q19 Q20 Q21 Q22
Bourbousson et al. 
(2010a) Y Y Y P P P Y Y N N Y Y N P Y Y P Y P Y P N 

Bourbousson et al. 
(2010b) Y Y Y P P P Y Y N N Y Y N P Y Y P Y P Y P N 

Shortridge et al. 
(2014) Y Y Y P P P Y Y P N Y Y N P Y Y Y Y P Y P N 

Esteves et al. (2015) Y Y Y P P P Y Y N N Y P N P Y Y N Y P Y P N 
Esteves et al. (2016) Y Y Y P Y P Y Y N N Y P N Y Y Y P Y P Y P N 
Sampaio et al. 
(2014) Y Y Y P Y P Y Y P N Y Y N Y Y Y Y Y P Y P Y 

Santana et al. (2019) Y Y Y P Y P Y Y N N Y P N P Y Y P Y P Y P Y 
Manisera et al. 
(2019) Y Y Y P Y P Y Y P N Y Y N P Y Y Y Y P Y P Y 

Daly-Grafstein and 
Bornn (2021) Y Y Y P Y P Y Y P N Y Y N Y Y Y Y Y P Y P Y 

Supola et al. (2022) Y Y Y P Y P Y Y P N Y Y N Y Y Y P Y P Y P Y 
Jiao et al. (2025) Y Y Y P Y P Y Y P N Y Y N Y Y Y Y Y P Y P Y 

 
Appendix 2A. Adapted TRIPOD-informed item list and decision rules for modeling/analytics studies 

Item Reporting 
domain Adequately reported Partially reported Not reported 

Q1 
Data source 
and sample 
definition 

The dataset, competition 
level, sample source, and 
analytical unit are clearly 

reported. 

Some information is provided, 
but one or more key details, such 

as competition level, sample 
size, or analytical unit,  

are incomplete.

The data source or sample 
cannot be identified. 

Q2 
Spatial or 

spatiotemporal 
inputs 

The spatial or spatiotemporal 
inputs used in the model or 

analytical procedure are 
clearly defined.

Inputs are named or implied, but 
definitions, measurement  

procedures, or input construction 
details are incomplete.

Inputs are not reported or 
cannot be identified. 

Q3 
Model 

structure and 
assumptions 

The model structure, analyti-
cal workflow, and main as-
sumptions are clearly de-

scribed. 

The modeling approach is  
described generally, but key 

steps or assumptions are  
incomplete.

The model structure or  
assumptions are not  

reported. 

Q4 
Definition of 

model-derived 
outputs 

The model-derived outputs or 
indicators are clearly defined, 
including operational defini-
tions or calculation proce-

dures where relevant.

Outputs are named, but their 
meaning, calculation,  

or operational definition  
is incomplete. 

Model-derived outputs  
are not clearly defined. 

Q5 
Validation or 
performance 

checks 

Validation procedures, model 
performance checks, sensitiv-
ity checks, or relevant diag-

nostic information are clearly 
reported. 

Validation or performance 
checking is mentioned,  

but procedures or metrics  
are incomplete. 

No validation or  
performance check  

is reported. 

Q6 

Practical 
interpretation 

and 
limitations 

The practical or tactical inter-
pretation of the model output 
is explained, and limitations 

or interpretive boundaries are 
discussed. 

Interpretation or limitations are 
mentioned, but the link to  
tactical meaning or model  
constraints is incomplete. 

Practical interpretation 
and limitations are not  

reported. 

Items that were not applicable to a specific modeling/analytics study were coded as non-applicable and excluded from percentage calculations. 

 
Appendix 2B. Study-level reporting appraisal of modeling/Analytics studies using an adapted TRIPOD-informed framework. 

Study Q1 Q2 Q3 Q4 Q5 Q6
Franks et al.,(2015) Y P P Y Y Y
Skinner et al.,(2015) Y P P Y P Y
Cervone et al.,(2016) Y P P Y P Y
Santos-Fernandez et al.,(2022) Y P P Y P Y
Barron et al.,(2025) Y P P Y P Y

 

 




