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A B S T R A C T

Background: Routine athlete monitoring captures psychological and physical states across training and match 
cycles. Whether these indicators distinguish subsequent self-rated match performance below an athlete’s own 
prior ratings remains uncertain.
Objective: This retrospective exploratory prediction study examined whether match-day minus one (MD-1) 
monitoring indicators identified below-baseline self-ratings of overall team performance and of each player’s 
own offensive and defensive performance among elite female footballers competing in Norway.
Methods: SoccerMon provided 207 player-match records from 30 elite female footballers in two Toppserien clubs 
during 2020–2021. Requiring at least three strictly earlier match reports retained 124 records from 25 players. 
Psychological-behavioural, physical-status and joint predictor sets were evaluated using logistic regression and 
XGBoost. Below-baseline ratings were more than 0.50 points below the historical mean. Player-grouped vali
dation used nested threshold selection. Average precision (AP) was the primary metric.
Results: Below-baseline prevalence was 31.5%, 26.6% and 32.3% for team, offensive and defensive ratings. The 
joint logistic reference model yielded AP values of 0.450 (95% CI 0.346–0.570), 0.308 (0.245–0.409) and 0.280 
(0.241–0.363), respectively; ROC-AUCs were 0.590, 0.496 and 0.401. High false-discovery proportions limited 
classification utility.
Conclusions: Discrimination was limited and inconsistent. These findings do not support clinical assessment, 
athlete selection or applied decision use. Individual historical references provide a transparent exploratory 
outcome definition; objective performance validity and transportability require direct investigation.
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Introduction

Routine athlete monitoring is used to track training load, recovery, 
readiness and subjective well-being across training and match cycles 
(Bourdon et al., 2017; Halson, 2014; Kellmann et al., 2018; Saw et al., 
2016). An important performance question is whether these pre-match 
indicators distinguish subsequent match appraisals that fall below an 
athlete’s usual level. In this study, mood, stress, fatigue, sleep and 
readiness are candidate predictors of self-rated match performance, not 
mental-health outcomes. They cannot diagnose mental disorder or 
substitute for validated mental-health assessment (Reardon et al., 2019).

Self-reports are generated within athlete–staff and organisational 
relationships. Psychological safety can affect willingness to raise con
cerns (Edmondson, 1999; Edmondson & Lei, 2014), and research with 
young elite athletes identifies stigma, confidentiality, prior experiences 
and relationships with coaches or providers as relevant to help-seeking 
(Gulliver et al., 2012). Athlete monitoring also raises privacy, confi
dentiality and coercion concerns (Karkazis & Fishman, 2017). These 
literatures justify reporting the source setting and treating reporting 
conditions as possible influences; they do not establish that such 
mechanisms operated in this cohort. The observed setting comprises two 
clubs competing in Norway’s Toppserien during the 2020–2021 seasons. 
These are sample descriptors, not measured cultural constructs, and they 
do not establish athletes’ nationality, beliefs or disclosure norms.

This framing raises a measurement problem for raw monitoring and 
performance ratings. Athletes may use scales differently, and stable 
between-player differences may obscure within-athlete change 
(Baumgartner & Steenkamp, 2001; Curran & Bauer, 2011; Wang & 
Maxwell, 2015). Group-level associations cannot automatically be 
assumed to describe individual processes in repeated self-report data 
(Fisher et al., 2018; Molenaar, 2004; Zentgraf et al., 2024). 
Person-specific centring shifts the performance target from a 
between-athlete rating level to a deviation from the athlete’s own 
reference. For prediction, that reference must use only ratings dated 
before the target match. This aligns with individualised monitoring and 
reduces reliance on a common raw-score threshold (Curran & Bauer, 
2011; Hamaker et al., 2015; Hecksteden et al., 2017). It does not, by 
itself, remove response bias or demonstrate an individual causal process. 
Accordingly, the present analysis combines historically defined out
comes with player-grouped validation.

Three considerations motivate the present analysis. First, female 
athletes remain underrepresented in sport and exercise science research 
(Costello et al., 2014; Cowley et al., 2021; Emmonds et al., 2019), while 
load and readiness monitoring in elite women’s football requires 
population-specific evidence (Luteberget et al., 2021; Beato et al., 
2024). Second, this study addresses self-rated match performance rela
tive to a player’s earlier ratings, rather than a common threshold applied 
to all players. Related SoccerMon work examined next-day readiness 
decline (Long et al., 2026), a different target from post-match perfor
mance appraisal. Third, evaluating logistic regression and XGBoost 
against simple benchmarks can establish whether these routine reports 
contain useful predictive information, including when performance is 
weak (Collins et al., 2024). The empirical gap is therefore prediction of 
historically defined match appraisals, with explicit reporting of the 
sample setting and limits of transferability.

To this end, we examine whether match-day minus one (MD-1) 
monitoring indicators, configured as psychological-behavioural, phys
ical-status, and joint predictor sets, could identify below-baseline self- 
ratings of overall team performance and of each player’s own offensive 
and defensive performance among elite female footballers competing in 
Norway. L2-regularised logistic regression and XGBoost were used as 
complementary modelling approaches. Because algorithm comparison 
was not a substantive aim, interpretation focused on the discriminative 
information contained in the available indicators rather than on which 
classifier performed better (Christodoulou et al., 2019). All model 
interpretation was descriptive and hypothesis-generating. The 

immediate contribution is to quantify discrimination, uncertainty and 
false-alert burden before any applied use is considered. Given the 
exploratory design, no directional hypotheses were specified for 
predictor-set or classifier performance; the analysis instead assessed 
whether MD-1 indicators contained discriminative information for 
below-baseline performance across the three outcome domains.

Materials and methods

Study design

This study was a secondary retrospective observational prediction- 
modelling analysis of the open-access SoccerMon dataset. It examined 
predictive discrimination for below-baseline player-match performance, 
defined relative to each athlete's own performance history. The design 
did not estimate causal effects and was not intended as clinical 
screening, intervention evaluation, or applied decision support 
(Bouwmeester et al., 2012; Collins et al., 2024; Steyerberg et al., 2010).

The source study obtained written informed consent covering 
participation and open publication of anonymised data and reported 
approval by the Norwegian Privacy Data Protection Authority (reference 
296155), together with exemption from regional medical and health 
research ethics committee review (Midoglu et al., 2024). The released 
data permit secondary research use. The present analysis used deiden
tified records without participant recontact.

Data Source and Study Context

Data were drawn from SoccerMon, a dataset from two elite women’s 
football teams in Norway’s Toppserien during 2020–2021 (Midoglu 
et al., 2024). The analysis used subjective monitoring, derived 
internal-load summaries and post-match ratings, not GNSS measure
ments. Psychological safety, trust, perceived surveillance, disclosure 
climate, age, playing position, nationality, ethnicity, language and 
migration background were unavailable in the deidentified analytic 
files. The setting descriptors therefore delimit the source sample and do 
not supply unmeasured participant characteristics. Table 1 summarises 
the variables, domains, scales and operational definitions.

Table 1 
SoccerMon variables used in the present analysis: definitions and scales.

Variable Domain Scale Operational definition

Mood Psychological 1–5 MD-1 self-reported affective state
Stress Psychological See 

note
MD-1 perceived stress; source scale 
discrepancy noted below

Fatigue Recovery 1–5 MD-1 self-reported general fatigue
Readiness to 

train
Recovery 1–10 MD-1 readiness to train

Sleep duration Behavioural Hours MD-1 reported total sleep duration
Sleep quality Recovery 1–5 MD-1 self-reported sleep quality
Muscle soreness Physical 1–5 MD-1 self-reported muscle 

soreness
Acute load Load AU 7-day rolling average of daily load 

at MD-1
Chronic load Load AU 28-day rolling average of daily 

load at MD-1
Team 

performance
Outcome 1–10 Player’s appraisal of the team 

overall
Offensive 

performance
Outcome 1–10 Player’s appraisal of their own 

offensive performance
Defensive 

performance
Outcome 1–10 Player’s appraisal of their own 

defensive performance

Note. MD-1 = day before the recorded match date; AU = arbitrary units. Acute 
and chronic training load are SoccerMon-derived 7-day and 28-day rolling av
erages of daily session-RPE load. The source narrative describes stress on a 1–5 
scale, whereas its parameter table lists 1–10; observed stress values were 2–5. 
We retained the supplied numeric values and do not infer clinical severity or a 
favourable/adverse direction. Outcomes are subjective 1–10 ratings, without an 
objective performance calibration.
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Temporal alignment and date variables

Records were aligned by anonymised player identifier and calendar 
date. The match date was the date attached to the match-performance 
report; the predictor date was one day earlier. This establishes 
ordering of recorded dates, not independently verified submission times. 
MD-1 represents the immediately preceding day and may capture a state 
close to match participation, but proximity does not establish superior 
prediction. To evaluate the alternative window, we calculated MD-7 to 
MD-1 means for each wellness variable and compared them with MD-1 
on the same eligible records. We required at least four available daily 
values for every wellness variable; acute and chronic load retained their 
existing MD-1 rolling summaries. Complete seven-day wellness 
coverage was available for 125 of the original 207 records and 72 of the 
124 historical-reference records; the paired four-day-minimum com
parison included 118 records.

Analytic sample and player-match construction

Daily monitoring records were reorganised into a player-match table 
linking MD-1 variables to match-day post-match reports by anonymised 
player identifier and date. Complete records across the nine core MD-1 
predictors yielded 215 player-match observations. Players with fewer 
than three complete match-performance records were excluded in the 
submitted cohort, leaving 207 observations from 30 elite female foot
ballers. For the revised historical-baseline analysis, a target match 
additionally required at least three reports on strictly earlier match 
dates, retaining 124 records from 25 players. Earlier outcome reports 
could contribute to the baseline even if their MD-1 predictors were 
incomplete. Complete-case analysis avoided imputing unobserved daily 
reports but does not remove selection bias when missingness relates to 
player state or reporting practice (Carpenter & Kenward, 2013; Sterne 
et al., 2009; White & Carlin, 2010). Reliability depends on 
within-player variability and the number of observations (Hopkins, 
2000). Three prior reports were a pragmatic minimum, not a vali
dated stability criterion; a five-prior-report sensitivity analysis retained 
84 targets.

Monitoring variables and predictor configurations

Nine MD-1 predictors were retained in the three theory-informed 
configurations used in the submitted analysis (Table 2). The 
psychological-behavioural configuration comprised mood, stress and 
sleep duration, representing perceived affective state, stress and sleep 
behaviour in routine athlete monitoring (Beato et al., 2024; Fullagar 
et al., 2015; Saw et al., 2016). The physical-status configuration 
comprised acute training load, 28-day chronic training load and muscle 
soreness within athlete-monitoring frameworks (Bourdon et al., 2017; 
Halson, 2014; Impellizzeri et al., 2019). The joint configuration included 
all nine predictors, adding fatigue, readiness to train and sleep quality as 
recovery indicators (Kellmann et al., 2018; Saw et al., 2016; Beato et al., 
2024). These were pragmatic conceptual groupings, not statistically 
derived factors, validated clinical subscales or mutually exclusive 
physiological domains. The joint set therefore tested a broader infor
mation set, not a psychological–physical interaction. A six-variable 

union of the first two sets was examined separately as a sensitivity 
analysis.

Individual-baseline outcome construction

The three 1–10 post-match ratings were modelled separately because 
the dataset did not establish that they form a single psychometric 
construct. Team performance was the reporting player’s appraisal of the 
team overall; offensive and defensive performance concerned that 
player’s own performance in each domain. Team ratings were not 
aggregated across players. The source did not supply a validated scoring 
rubric or independent match-event criterion for these ratings. For each 
player and domain, deviation was the current rating minus the mean of 
all deduplicated reports on strictly earlier match dates, with at least 
three earlier reports required. Current and future ratings were excluded 
from that baseline. Deviations below − 0.50 were coded 1 for below- 
baseline prediction; typical and above-baseline observations were 
coded 0 (Table 3). The half-point cut-off was operational, not a validated 
clinical or psychometric threshold. We also predicted above-baseline 
ratings separately and evaluated three-category classification. Sensi
tivity analyses at − 0.25 and − 0.75 examined the below-baseline defi
nition (Supplementary Figure S1).

Model development and validation

The analysis comprised 18 exploratory model specifications: three 
predictor configurations; three outcomes; and two classifiers. L2- 
regularised logistic regression was used as a regularised linear refer
ence model. XGBoost was used as a flexible non-linear algorithm. Lo
gistic predictors were standardised within training folds only, and 
modelling decisions were fixed across folds to reduce overfitting in a 
small repeated-measures dataset (Christodoulou et al., 2019; Vabalas 
et al., 2019; Varoquaux, 2018).

Logistic regression used L2 regularisation (C = 1), balanced class 
weights and the liblinear solver. XGBoost used 60 trees, depth 2, 
learning rate 0.03, subsampling and column sampling fractions of 0.80, 
minimum child weight 3 and L2 penalty 2; the training-set class ratio 
determined positive-class weighting. These settings were fixed before 
the revision fits, without searching the outer test results. The revision 
plan was recorded after the original analyses were known and was not 
preregistered.

Model performance was evaluated using repeated five-fold stratified 
grouped cross-validation with player identity as the grouping variable. 
Five repeats yielded 25 grouped test folds and ensured that records from 
the same player did not appear in both training and test partitions. 
Within each outer training set, three-fold grouped validation selected 
the probability threshold that maximised F1; ties selected the higher 
threshold. The model was then refitted to the outer training set and 
evaluated with that frozen threshold. Precision–recall performance was 
quantified by non-interpolated average precision (AP), because event 
prevalence differed across outcomes (Davis & Goadrich, 2006; Saito & 
Rehmsmeier, 2015). ROC-AUC, precision, recall, F1, false-positive 
rate, false-discovery proportion and Brier score were also reported. 
Held-out predictions were pooled within each repeat and the five 
repeat-level metrics averaged. We compared the selected threshold with 

Table 2 
A priori predictor configurations.

Configuration Predictors Theoretical rationale

Psychological- 
behavioural

Mood, stress, sleep 
duration

Affective state, perceived stress and 
sleep behaviour

Physical-status Acute load, chronic 
load, muscle soreness

Recent training exposure and 
musculoskeletal status

Joint All nine predictors Adds fatigue, readiness to train and 
sleep quality to the first two sets

Table 3 
Historical individual-baseline outcome classification rules.

Deviation from 
historical mean

Class label Below 
binary

Above 
binary

Three-class 
code

Deviation < − 0.50 Below 
baseline

1 0 0

− 0.50 ≤ deviation ≤
+0.50

Typical 
baseline

0 0 1

Deviation > +0.50 Above 
baseline

0 1 2

A. Aikeremu et al.                                                                                                                                                                                                                              International Journal of Clinical and Health Psychology 26 (2026) 100727 

3 



0.50, an all-positive classifier and training-prevalence probability pre
dictions. Leave-one-player-out validation used each held-out player’s 
own training-derived threshold. The procedure is illustrated in Fig. 1a.

Ninety-five per cent confidence intervals used 1,000 player-cluster 
bootstrap samples of the saved held-out predictions, retaining all re
cords and repeats for each sampled player. These intervals condition on 
the fitted models; they do not include model-refitting uncertainty or 
variation across a population of clubs. The joint logistic model was the 
common reference for the abstract and sensitivity comparisons, while all 
18 primary specifications were reported. Additional checks covered the 
seven-day window, five-report historical minimum, six-variable union, 
above-baseline and multinomial outcomes, club adjustment, leave-one- 
club-out validation and training in 2020 with testing in 2021.

Player-level variance decomposition used a one-way random-inter
cept ANOVA with an effective group-size correction for unequal record 
counts. Between-player variance was constrained to be non-negative; 
ICC was its proportion of total variance. Club comparisons used each 
player’s mean as the independent unit, with Welch mean-difference 
confidence intervals and descriptive two-sided p values. These com
parisons describe the two observed squads and do not estimate effects in 
a population of clubs. No multiple-testing-adjusted confirmatory infer
ence was intended.

Model interpretation

Model interpretation was descriptive rather than mechanistic. 
Standardised logistic coefficients from full-sample models were exam
ined on the standardised log-odds scale as fitted-model associations 
(Collins et al., 2024; Steyerberg et al., 2010). Positive coefficients 
indicated higher predicted odds of below-baseline performance and 
negative coefficients indicated lower predicted odds. For joint XGBoost 
models, Tree SHAP values were computed for the outcome defined by 
the primary − 0.50 below-baseline cut-off to describe fitted-model 
feature attribution (Lundberg & Lee, 2017; Lundberg et al., 2020). 
Mean absolute SHAP values ranked attribution magnitude across the 
nine predictors. The native XGBoost contribution calculation used the 
raw log-odds output; additivity against the model margin was verified. 
To examine dependence on model fitting, we also summarised joint lo
gistic coefficients from the outer training fits and Tree SHAP values for 
outer held-out records. These post-hoc summaries were not interpreted 
as causal effects, stable predictor importance or clinically meaningful 
mechanisms. Analyses used Python 3.12.14, pandas 3.0.3, scikit-learn 
1.9.0, XGBoost 3.3.0, SciPy 1.18.0 and NumPy 2.5.0.

Fig. 1. Player-grouped validation design and primary-model average precision. Panel a shows outer player-grouped validation with inner grouped threshold se
lection. Panel b reports all six model configurations for each outcome. Psych. = psychological-behavioural; LR = logistic regression; XGB = XGBoost. Error bars are 
95% player-cluster bootstrap intervals; dashed lines indicate event prevalence. Estimates average five repeats after pooling held-out predictions within each repeat. 
The intervals condition on the fitted models and do not represent independent-fold variability.
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Results

Sample flow and analytic dataset

The raw match-performance file contained 248 records from 36 
players. Removal of one exact duplicate left 247 unique player-date 
records. Linkage to MD-1 monitoring data and complete-case retention 
across nine predictors yielded 215 records from 35 players. Excluding 
players with fewer than three complete reports removed eight records 
from five players, leaving the submitted cohort of 207 observations. The 
additional requirement for three strictly earlier reports excluded 83 
targets, producing 124 records from 25 players (Team A: 83 records 
from 17 players; Team B: 41 records from 8 players). Target dates 
spanned 11 July 2020 to 17 November 2021, with a median of five re
cords per player (range 1–11). A retained player could have only one 
target record while still having three earlier baseline reports. Supple
mentary Figure S2 preserves the full sample-construction sequence.

Predictor descriptives and player-level variance structure

Tables 4 and 5 present the player-level variance decomposition and 
descriptive statistics for the nine MD-1 monitoring variables, respec
tively. Several psychological and recovery self-reports showed restricted 
dispersion. Mood (SD = 0.51) and stress (SD = 0.52) ranged from 2 to 5, 
and fatigue ranged from 2 to 4. Acute load (SD = 103.45; range 
0–507.14) and chronic load (SD = 86.72; range 0–481.43) showed 
greater numerical variability on their different scales. These patterns are 
compatible with range restriction (Sackett & Yang, 2000), but 
cross-variable SDs on different units are not directly comparable. 
Possible explanations include stable states, restricted use of scale an
chors, socially desirable responding or other reporting processes. The 
present data cannot distinguish these explanations, so the 
variance-restriction account remains a hypothesis.

Player-level variance decomposition showed substantial between- 
player structure in several variables (Table 4; Fig. 2a). The largest 
ICCs were observed for chronic load (0.663), mood (0.657), soreness 
(0.570), readiness (0.567) and fatigue (0.548). Sleep duration reached 
the zero boundary for the estimated between-player variance. These 
descriptive results support distinguishing between-player variation from 
within-player fluctuation (Curran & Bauer, 2011; Hamaker et al., 2015; 
Wang & Maxwell, 2015). They do not validate the baseline threshold.

Between-team heterogeneity

Using player means rather than treating repeated match records as 

independent, Team A had higher mean mood and stress than Team B, 
but the mean-difference intervals included zero (Table 6). The differ
ences were 0.29 (95% CI − 0.07 to 0.65) for mood and 0.18 (− 0.18 to 
0.55) for stress. The raw team-performance difference was − 0.58 (− 1.69 
to 0.53). These descriptive contrasts illustrate the uncertainty around 
squad-level reporting differences and do not establish equivalent 
reporting between squads or identify a cause of the differences.

Outcome distribution

Before historical-baseline transformation, raw performance ratings 
are summarised in Table 7. Below-baseline prevalence was 31.5% for 
team, 26.6% for offensive and 32.3% for defensive ratings. Table 7 also 
reports typical and above-baseline counts so that the information com
bined in the primary binary outcome remains visible.

Predictive performance across outcomes

At the primary − 0.50 below-baseline threshold, event prevalence 
was 31.5% for team performance, 26.6% for offensive performance, and 
32.3% for defensive performance. These prevalence values were used as 
AP reference baselines because precision-recall performance is base-rate 
dependent under class imbalance (Davis & Goadrich, 2006; Saito & 
Rehmsmeier, 2015).

Discrimination was limited and inconsistent across outcomes. For the 
joint logistic reference model, AP was 0.450 (95% CI 0.346–0.570) for 
team, 0.308 (0.245–0.409) for offensive and 0.280 (0.241–0.363) for 
defensive ratings. Corresponding ROC-AUCs were 0.590, 0.496 and 
0.401 (Table 8). The team model contained some ranking information, 
but offensive and defensive discrimination was weak. At the inner- 
selected thresholds, false-discovery proportions were 67.8%, 76.1% 
and 68.4%, and false-positive rates were 82.1%, 79.1% and 96.2%, 
respectively. F1 values of 0.467, 0.354 and 0.472 did not exceed the 
corresponding all-positive benchmarks of 0.479, 0.420 and 0.488. False- 
discovery proportion refers to false alerts among all positive predictions, 
whereas false-positive rate uses all actual non-events as its denominator. 
Fig. 1b and Supplementary Table S1 report all 18 primary specifications 
to avoid presenting selected best models as confirmed winners.

Sensitivity to the below-baseline threshold

Sensitivity analyses examined dependence on the operational below- 
baseline threshold (Supplementary Figure S1). Event prevalence 
increased at − 0.25 and decreased at − 0.75, as expected. The same joint 
logistic reference model was used at each cut-point rather than rese
lecting a best model. Results remained outcome-specific and did not 
establish a generally reliable classifier. On 118 paired records with 
sufficient seven-day reporting, AP for MD-1 versus seven-day wellness 
means was 0.427 versus 0.422 for team, 0.294 versus 0.292 for offensive 
and 0.267 versus 0.301 for defensive ratings. There was no consistent 
window advantage. Above-baseline and three-category results, alter
native history lengths and other sensitivity checks are reported in Sup
plementary Tables S3–S4. Three-category macro-F1 values were 0.362, 

Table 4 
ICC and within-/between-player variance decomposition for MD-1 monitoring 
variables.

Variable ICC Between-player 
variance

Within-player 
variance

Within-player 
share

Chronic load 0.663 5152.406 2619.946 33.7%
Mood 0.657 0.178 0.093 34.3%
Muscle 

soreness
0.570 0.239 0.180 43.0%

Readiness to 
train

0.567 0.502 0.384 43.3%

Fatigue 0.548 0.178 0.147 45.2%
Stress 0.456 0.127 0.151 54.4%
Acute load 0.442 4836.529 6101.199 55.8%
Sleep quality 0.177 0.082 0.383 82.3%
Sleep duration 0.000 0.000 0.925 100.0%

Note. ICC = between-player variance / (between-player variance + within- 
player variance). A one-way random-intercept ANOVA used unequal-group-size 
correction and non-negative between-player variance. Sleep duration reached 
that boundary. Variances retain the squared units of each predictor; larger ICCs 
describe clustering, not causal effects.

Table 5 
Descriptive statistics for MD-1 predictors (N = 124 records from 25 players).

Variable Mean SD Minimum Maximum

Mood 3.27 0.51 2.00 5.00
Stress 3.15 0.52 2.00 5.00
Fatigue 2.99 0.56 2.00 4.00
Readiness to train 7.00 0.93 5.00 9.00
Sleep duration (h) 8.27 0.94 6.00 11.00
Sleep quality 3.24 0.68 1.00 5.00
Muscle soreness 2.82 0.64 1.00 4.00
Acute load (AU) 324.37 103.45 0.00 507.14
Chronic load (AU) 315.98 86.72 0.00 481.43
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0.261 and 0.272.

Supplementary leave-one-player-out validation

Leave-one-player-out validation was used as a supplementary check 
of player-level generalisation. For the joint logistic reference model, 
pooled AP values were 0.452, 0.309 and 0.280 for team, offensive and 
defensive ratings, respectively. Performance was summarised using 
pooled held-out predictions because some players had no below- 
baseline events; each prediction retained its own training-derived 
threshold. The 2020-to-2021 temporal check trained on only 20 
eligible records and tested on 104, yielding AP values of 0.402, 0.305 
and 0.326. This small training sample limits conclusions about temporal 
transportability. Club-adjusted and leave-one-club-out checks are also 
reported in Supplementary Table S3.

Logistic regression standardised coefficient patterns

Standardised logistic coefficients were examined as descriptive 
fitted-model associations. Positive coefficients indicated higher pre
dicted odds of below-baseline performance, whereas negative co
efficients indicated lower predicted odds. Because estimates came from 
fitted prediction models in a small retrospective repeated-measures 
dataset, they were not interpreted as causal effects, stable risk factors, 
or monitoring thresholds (Collins et al., 2024; Steyerberg et al., 2010).

Coefficient patterns remained outcome-specific. In the physical- 
status model for team performance, chronic load had a coefficient of 
+0.729, whereas acute load and soreness had coefficients of − 0.564 and 
− 0.140. In the joint team model, chronic load (+0.710), acute load 
(− 0.513) and stress (− 0.445) had the largest absolute coefficients. In the 
joint offensive model, the corresponding load coefficients were +0.539 
and − 0.501. In the joint defensive model, mood (+0.286) and readiness 
(− 0.247) had the largest absolute coefficients. Supplementary Table S5 
provides all joint coefficients and their ranges across outer training fits. 
These ranges are descriptive, not confidence intervals; correlated 

Fig. 2. Player-level clustering and joint XGBoost feature attribution. Panel a shows within- and between-player variance shares, with labels giving ICCs from the 
unequal-group-size ANOVA decomposition. Panel b shows mean absolute Tree SHAP values on the log-odds scale for joint XGBoost models fitted to the full analytic 
sample. Neither panel establishes causal predictor importance.

Table 6 
Descriptive between-club comparisons using independent player means.

Variable Team A 
Mean 
(SD)

Team B 
Mean 
(SD)

Difference 
(95% CI)

t (df) p

Mood 3.43 
(0.50)

3.14 
(0.35)

0.29 
(-0.07, 
0.65)

1.68 
(19.24)

0.110

Stress 3.31 
(0.51)

3.12 
(0.35)

0.18 
(-0.18, 
0.55)

1.05 
(19.33)

0.308

Raw team 
performance

6.37 
(1.11)

6.95 
(1.23)

-0.58 
(-1.69, 
0.53)

-1.13 
(12.58)

0.279

Note. Each player contributes one mean. Team A n = 17 players; Team B n = 8. 
Difference = A − B. Welch comparisons are descriptive and unadjusted for 
multiplicity. Shared team and match conditions limit independence and gener
alisation beyond these squads.

Table 7 
Historical-baseline outcome distributions (124 records from 25 players).

Outcome Below 
baseline 
n (%)

Typical 
baseline 
n (%)

Above 
baseline 
n (%)

Raw mean 
(SD)

Team performance 39 (31.5%) 36 (29.0%) 49 (39.5%) 6.34 (1.73)
Offensive 

performance
33 (26.6%) 44 (35.5%) 47 (37.9%) 5.66 (1.42)

Defensive 
performance

40 (32.3%) 38 (30.6%) 46 (37.1%) 5.70 (1.39)
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predictors and changes in the training sample limit substantive inter
pretation of signs and magnitudes.

SHAP characterisation of XGBoost joint model behaviour

Tree SHAP values were computed for the joint XGBoost models 
predicting the outcome defined by the primary − 0.50 below-baseline 
cut-off. This secondary transparency analysis characterised fitted- 
model attribution in the full nine-variable non-linear models; it was 
not evidence that XGBoost was the preferred predictive model (Collins 
et al., 2024; Lundberg & Lee, 2017). Mean absolute Tree SHAP values 
are reported in Table 9 and visualised in Fig. 2b.

Larger mean absolute SHAP values indicate greater attribution 
within the fitted model. The largest attributions were load-related. 
Chronic load and acute load ranked first and second for team ratings; 
acute load and chronic load ranked first and second for offensive and 
defensive ratings (Table 9; Fig. 2b). Outer held-out attribution sum
maries are provided in Supplementary Table S6. These rankings describe 
fitted-model behaviour and should not be interpreted as causal mecha
nisms, stable athlete characteristics or evidence that modifying load 
would improve performance.

Across the analyses, several MD-1 variables showed substantial 
between-player variance, whereas discrimination of below-baseline 
ratings was limited and inconsistent. Load variables contributed prom
inently to fitted-model explanations, but attribution prominence did not 
establish useful prediction or causal effects.

Discussion

We examined whether MD-1 monitoring indicators could identify 
below-baseline self-ratings of overall team performance and of each 
player’s own offensive and defensive performance among elite female 
footballers competing in Norway. This exploratory prediction analysis 
defined performance relative to each athlete's strictly historical refer
ence, and validation was grouped by player to respect repeated 

observations within athletes.

Principal findings

The principal finding was limited and inconsistent discrimination, 
with some ranking information for team appraisals but weak offensive 
and defensive results. The joint logistic model’s AP values were 0.450, 
0.308 and 0.280, against prevalence values of 0.315, 0.266 and 0.323. 
The high false-discovery proportions and failure to outperform simple 
all-positive F1 benchmarks preclude a claim of useful classification. 
These findings are consistent with the difficulty of developing stable 
prediction models from small repeated-measures datasets (Collins et al., 
2024; Steyerberg et al., 2010; Vabalas et al., 2019). Their value is to 
establish the limits of the available indicators under an explicitly his
torical outcome definition, rather than to confirm a deployable moni
toring system. The contribution remains exploratory and 
hypothesis-generating, providing a basis for prospective validation 
rather than clinical screening, athlete selection or stand-alone decision 
support.

Individual-baseline monitoring as within-athlete measurement

Person-specific centring addresses the measurement problem that 
raw self-reports combine within-athlete fluctuation with between- 
athlete differences in reporting level (Curran & Bauer, 2011; Wang & 
Maxwell, 2015). Defining performance relative to strictly earlier rat
ings reduces reliance on a common raw-score threshold and prevents 
current or later outcomes from entering the reference. This logic is 
compatible with idiographic approaches, while recognising that 
group-level associations need not describe individual processes (Fisher 
et al., 2018; Hamaker et al., 2015; Molenaar, 2004). The ICCs in 
Table 4 support attention to repeated observations and between-player 
structure. Grouped validation assesses transfer to held-out players who 
already have reporting histories, not performance for a new player with 
no history. The three-report minimum trades data retention against an 
imprecisely estimated baseline. The five-report sensitivity analysis and 
limited seven-day coverage make those constraints visible.

Physical-status predictors and performance-related functioning

Acute load, chronic load and soreness are embedded in established 
athlete-monitoring frameworks and may reflect recent exposure, resid
ual fatigue or musculoskeletal status relevant to performance expression 
(Bourdon et al., 2017; Halson, 2014; Impellizzeri et al., 2019; Kellmann 
et al., 2018). In the present analyses, load variables were prominent in 
the fitted-model coefficients and SHAP summaries. This does not 
demonstrate that physical-status predictors are generally superior or 
closer to a causal performance mechanism. Attribution magnitude de
scribes how a model uses a predictor, and the available models still 
showed limited predictive utility. Elite female footballers face multidi
mensional physical demands (Datson et al., 2014), and the available 
SoccerMon variables provide only a partial representation of external 
load, internal load, neuromuscular readiness, sleep and longitudinal 
recovery. Prospective studies integrating richer load and recovery 
measures are needed before physical-status patterns can be linked to 

Table 8 
Joint logistic reference-model performance under repeated player-grouped cross-validation.

Outcome AP (95% CI) ROC-AUC (95% CI) Precision (95% CI) Recall (95% CI) F1 (95% CI) Event prevalence

Team performance 0.450 (0.346, 0.570) 0.590 (0.500, 0.684) 0.322 (0.252, 0.396) 0.851 (0.787, 0.924) 0.467 (0.389, 0.537) 0.315
Offensive performance 0.308 (0.245, 0.409) 0.496 (0.390, 0.609) 0.239 (0.177, 0.295) 0.685 (0.496, 0.865) 0.354 (0.271, 0.418) 0.266
Defensive performance 0.280 (0.241, 0.363) 0.401 (0.340, 0.480) 0.316 (0.245, 0.389) 0.935 (0.840, 0.994) 0.472 (0.389, 0.550) 0.323

Note. AP = non-interpolated average precision; ROC-AUC = receiver operating characteristic area under the curve. Values are means across five repeat-level pooled 
held-out estimates; parentheses give 95% player-cluster bootstrap intervals conditional on fitted predictions. Classification thresholds were selected only within outer 
training data. All 18 primary model specifications are reported in Supplementary Table S1.

Table 9 
Mean absolute Tree SHAP values for all nine MD-1 predictors in joint XGBoost 
models for the outcome defined by the primary − 0.50 below-baseline cut-off.

Predictor Team 
performance

Offensive 
performance

Defensive 
performance

Mood 0.004 0.005 0.008
Stress 0.056 0.017 0.004
Fatigue 0.007 0.030 0.005
Readiness to 

train
0.017 0.018 0.011

Sleep duration 0.058 0.033 0.014
Sleep quality 0.011 0.034 0.005
Muscle 

soreness
0.004 0.024 0.019

Acute load 0.252 0.283 0.311
Chronic load 0.302 0.242 0.113

Note. Values are mean absolute native Tree SHAP contributions on the raw log- 
odds scale from joint XGBoost models fitted to all 124 eligible records. These are 
in-sample model descriptions, not held-out performance estimates. Bias contri
butions are excluded. Outer held-out attribution summaries are provided in 
Supplementary Table S6.
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practice.

Psychological-behavioural indicators and restricted variance

The limited discrimination from psychological-behavioural in
dicators warrants careful interpretation. Restricted dispersion may 
reflect genuinely stable reported states, restricted use of scale anchors or 
other reporting processes (Sackett & Yang, 2000). Research on 
mental-health help-seeking among young elite athletes identifies stigma, 
confidentiality, limited mental-health literacy, prior help-seeking ex
periences and relationships with coaches or providers as relevant bar
riers or facilitators (Gulliver et al., 2012). Whether those processes 
influenced routine monitoring responses in this cohort is unknown 
because they were not measured.

Shared response tendencies and unmeasured match experiences 
could affect both the pre-match reports and post-match appraisals; 
temporal ordering alone does not eliminate common-method bias 
(Podsakoff et al., 2003). Subjective measures can be useful for moni
toring perceived training responses (Saw et al., 2016), but that evidence 
does not validate these single-item match ratings against objective 
performance. Position, playing time, opponent strength and indepen
dent event or coach ratings would be needed to test whether the signals 
extend beyond subjective appraisal.

Reporting context and transferability

Contextual sport psychology emphasises locating research within the 
relationships and organisations in which practice occurs (Ryba & 
Wright, 2005; Ryba et al., 2024; Schinke & Stambulova, 2017). For 
the present study, however, reporting context was not measured. The 
data therefore cannot determine how players understood the monitoring 
system or whether staff relationships influenced their responses.

Recent work on indigenised science likewise emphasises explicit 
reporting of geographic, linguistic and sociopolitical context (Schinke 
et al., 2026). Here, Norway, Toppserien, the two clubs and the 
2020–2021 seasons delimit the source setting and the scope of trans
ferability. They do not establish athletes’ nationality, cultural identities, 
national values or disclosure expectations. Historical baseline adjust
ment concerns rating level and is not a cultural measure.

Restricted variance may reflect stable reported states, scale use or 
other reporting practices, but the present data cannot distinguish these 
accounts. Neither the predictive results nor the two-club contrasts pro
vide evidence for a cultural explanation. Any future study of reporting 
context should measure the proposed mechanisms directly rather than 
infer them from country or club membership.

Algorithmic caution and prediction-model boundaries

The modelling results also support algorithmic caution. Only two 
algorithms were evaluated, and XGBoost did not consistently outper
form L2-regularised logistic regression. This is consistent with evidence 
that flexible machine-learning methods do not necessarily outperform 
logistic regression in small clinical prediction settings (Christodoulou 
et al., 2019). Small repeated-measures datasets increase the risk of 
overfitting, unstable model attribution, and optimistic performance es
timates (Collins et al., 2024; Vabalas et al., 2019; Varoquaux, 2018). 
Post-hoc SHAP values were therefore treated as descriptive model at
tributions, not as stable explanations. The added outer held-out sum
maries and coefficient ranges document sensitivity to fitting, but do not 
validate a mechanism.

Implications for monitoring practice

The immediate practical implication is that the current models 
should not be used to flag or select athletes. Their discrimination and 
false-alert burden do not establish a net benefit for training decisions or 

welfare support. Ethical analysis of athlete biometric monitoring iden
tifies validity, privacy, confidentiality, data security, conflicts of interest 
and coercion as relevant concerns (Karkazis & Fishman, 2017). 
Accordingly, any future implementation should specify who can access 
the data, the purposes for which they may be used, how long they are 
retained and how athletes can raise concerns. These are governance 
safeguards, not benefits demonstrated by the present predictions.

Monitoring should be interpreted with attention to the athlete’s own 
account rather than used as stand-alone evidence of mental-health sta
tus, motivation, professionalism or readiness to compete. Permission for 
secondary analysis does not establish consent for consequential 
deployment (Karkazis & Fishman, 2017), and historical-baseline feed
back was not tested as an intervention here. Future studies must eval
uate whether such feedback improves dialogue or support and what 
harms may arise from false alerts.

Limitations

Several limitations constrain interpretation. The study was retro
spective and observational, so causal inference is not possible. The 
sample was small, with 124 player-match records nested within 25 
players. Predictive discrimination was limited and inconsistent under 
both player-grouped cross-validation and leave-one-player-out valida
tion. This limits immediate application, but also underscores the diffi
culty of predicting within-player match-performance deviations from 
routine MD-1 monitoring data alone. Performance outcomes were sub
jective 1–10 post-match ratings rather than objective match-event 
measures or validated performance constructs. The dataset did not 
include clinical mental-health outcomes, direct measures of psycholog
ical safety, trust, perceived surveillance, disclosure climate, athlete 
agency, or data-use norms.

Additional limitations concern generalisability and measurement. 
The analysis was restricted to two Norwegian Toppserien clubs and does 
not constitute a cross-cultural comparison. Club membership and 
country of competition cannot establish players’ nationality, cultural 
identity or shared beliefs. The − 0.50 threshold was operational and 
dataset-specific. Complete-case analysis and the historical-report 
requirement may select players with more consistent reporting. 
Physical-status indicators may not fully capture external load, internal 
load, neuromuscular status or longitudinal recovery. Recorded dates did 
not verify actual submission times; grouped folds were not strictly 
forward-time evaluations; and bootstrap intervals excluded model- 
refitting and between-club population uncertainty. Players may also 
share match or team experiences, a dependence structure not fully 
represented by player-only resampling. Residual confounding, common- 
method bias and measurement error remain plausible.

Future directions

Future research would benefit from prospective multi-site designs 
with external validation across teams, seasons and leagues. Studies that 
propose reporting-context mechanisms should measure psychological 
safety, trust, disclosure climate, athlete agency, perceived surveillance 
and data-use norms directly. Mixed-methods work could clarify how 
athletes and staff understand monitoring outputs and whether those 
interpretations affect response variance, validity or predictive 
information.

Future modelling should also integrate objective match-event data, 
technical-tactical indicators, GNSS external load, heart-rate variability, 
actigraphy-derived sleep, and longitudinal fatigue and recovery trajec
tories. Combined with direct contextual measures, these additions 
would allow researchers to test rather than assume whether reporting 
conditions are associated with self-report variance and predictive in
formation. Benefit-harm evaluation should precede any applied 
deployment, particularly where monitoring outputs could influence se
lection, training decisions, or access to support.
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Conclusions

MD-1 monitoring indicators showed limited and inconsistent 
discrimination for historically defined below-baseline self-rated perfor
mance among elite female footballers competing in Norway. Some 
ranking information was present for team appraisals, but the false-alert 
burden did not support applied classification. Historical person-specific 
references defined deviations without using current or future ratings.

These athlete-monitoring data came from a defined two-club setting, 
but the study did not measure cultural mechanisms or clinical mental 
health. The models are not diagnostic, causal, selection-ready or 
deployable decision tools. Prospective, externally validated research 
with independent performance criteria and direct measurement of any 
proposed reporting-context mechanisms is needed.
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