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2 KKS Lech Poznań, 60-320 Poznań, Poland; kaja.dziergas@lechpoznan.pl
* Correspondence: tomasz.pilka@amu.edu.pl (T.P.); marlaw6@st.amu.edu.pl (M.Ł.)

Abstract

This paper presents a retrospective proof-of-concept development and preliminary eval-
uation of an interpretable decision-support system for daily fatigue-risk management in
one elite women’s football club. The system integrates morning wellness, GPS-derived
external load, and a daily wellness-duration internal-load proxy at the player-day level.
It combines a player-day integration layer, an interpretable predictive layer, and a rec-
ommendation layer that returns one of three staff-facing actions: Reduce, Maintain, or
Progress. The predictive model outputs a calibrated probability of elevated next-morning
self-reported soreness. The target is a subjective questionnaire outcome, not an injury,
medical diagnosis, or objective marker of recovery. The decision-support layer maps this
probability to a three-state recommendation, informed by a review threshold, operational
guardrails, and staff oversight. Using retrospective monitoring data from two competitive
seasons (2024/25 and 2025/26) in a single professional team, we evaluated the proposed
approach using rolling-origin temporal validation, leave-one-player-out cross-validation,
and between-season validation. To separate genuine predictive signal from the day-to-day
persistence of soreness, we report a baseline ladder ranging from a trivial persistence
rule to the full model, with bootstrap confidence intervals for performance differences.
Under rolling-origin validation across 16 monthly folds, the final logistic regression model
achieved a mean ROC-AUC of 0.759 (SD = 0.089). Critically, a model excluding current
soreness still outperformed the persistence baseline (ROC-AUC 0.738 vs. 0.721), and the
isolated contribution of current soreness was modest but reliable (∆ROC-AUC = +0.044,
95% CI [+0.027,+0.059]). Between-season validation (train: 2024/25; test: 2025/26) yielded
an ROC-AUC of 0.801. The three-state recommendation layer separated outcomes mono-
tonically, with observed next-morning soreness rates of 0.054 for Progress, 0.217 for Maintain,
and 0.326 for Reduce (p < 0.001 for the Progress-versus-Maintain contrast). These prelim-
inary findings support the feasibility of the proposed approach within the club studied.
However, because the model requires complete wellness, GPS, and proxy data, it operates
only on the fully monitored on-pitch stratum (3386 of 17,703 player-days); the reported
performance therefore applies to this stratum rather than to a typical player-day, and
prospective evaluation and external validation by independent teams are required before
broader implementation can be considered.

Keywords: decision-support systems; interpretable machine learning; athlete-monitoring
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1. Introduction
Elite football organizations increasingly collect daily athlete-monitoring data, includ-

ing morning wellness questionnaires, GPS-derived external-load measures, and indicators
of internal load. The practical challenge is to integrate these incomplete, heterogeneous,
and time-sensitive data into operational decisions about whether to reduce, maintain, or
progress a player’s planned training load.

Short-term fatigue and recovery reflect interactions between current readiness, recent
workload, and individual responses to training. GPS-derived variables quantify external
demand, internal-load measures describe the athlete’s response to that demand, and
wellness questionnaires provide practical information on fatigue, soreness, sleep quality,
and mood [1–4]. Workload indicators such as the Acute:Chronic Workload Ratio may
provide additional context but should not be treated as standalone representations of
fatigue or deterministic decision rules [5]. Biomechanical research also indicates that
fatigue-related risk may involve cumulative tissue loading and changes in movement
mechanics that aggregate workload indicators do not directly capture [6,7].

Although these methodological components are well established, existing research
provides limited guidance on how they should be combined into a complete operational
decision-support workflow [8–10]. Player-day representations are commonly used in
longitudinal athlete-monitoring studies, but their integration with interpretable prediction
and explicit staff-facing recommendations has received less attention.

To address this gap, this study presents and retrospectively evaluates a proof-of-
concept interpretable decision-support system for daily fatigue-risk management in elite
women’s football. The system integrates morning wellness, GPS-derived external load,
and a wellness-duration internal-load proxy at the player-day level. It estimates the cali-
brated probability of elevated next-morning self-reported soreness and maps this estimate,
together with predefined operational guardrails, to one of three recommendations: Reduce,
Maintain, or Progress.

The predicted outcome is a subjective questionnaire measure intended as a pragmatic
early-warning signal for staff review. It should not be interpreted as an injury outcome,
medical diagnosis, or objective measure of recovery. Similarly, the wellness-duration proxy
is not equivalent to a conventional post-session rating of perceived exertion because it
combines pre-session wellness with session duration, rather than relying on an independent
post-session CR-10 rating.

The research question guiding this study was as follows: How can an interpretable
decision-support information system integrate heterogeneous daily athlete-monitoring data to
support early warning of elevated next-morning self-reported soreness in elite women’s football?

Based on the study objectives, we evaluated two primary hypotheses:

H1. The integrated model would retain predictive discrimination for elevated next-morning soreness
under temporal, between-season, and leave-one-player-out validation.

H2. Integration of wellness, GPS-derived external load, and the internal-load proxy would provide
higher discrimination than models based on any single data source.

Comparisons between logistic regression and gradient boosting, the persistence base-
line ladder, feature-level associations, threshold sensitivity, and the three-state recommen-
dation analysis were treated as exploratory. Because the study was retrospective and
not preregistered, the hypotheses represent directional analytical expectations rather than
preregistered confirmatory tests.

The primary contribution of this study is not a new predictive algorithm. Logistic
regression, wellness measures, GPS-derived variables, and workload descriptors are al-
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ready established methodological components. Rather, the contribution lies in integrating
them into an operational decision-support architecture that: (1) aligns subjective readiness,
external load, and proxy-derived internal load within a unified player-day representa-
tion; (2) produces calibrated predictions of next-morning soreness; (3) translates these
predictions and predefined guardrails into explicit staff-facing recommendation states; and
(4) evaluates the resulting architecture using temporal, between-season, leave-one-player-
out, persistence-baseline, and source-ablation analyses. The system is intended to support,
rather than replace, practitioner judgment [8,11].

2. Related Work
2.1. Athlete Monitoring, Recovery, and Fatigue Modeling

Research on athlete monitoring commonly distinguishes between external load, that
is, the work performed by the athlete, and internal load, that is, the individual psychophys-
iological response to that work. In football, GPS-derived variables such as total distance,
high-speed running, sprint distance, accelerations, decelerations, and player Load are
widely used to quantify external demand, whereas session rating of perceived exertion
(sRPE) remains one of the most practical and widely adopted indicators of internal load in
applied settings [1]. Self-reported wellness measures provide complementary information
about fatigue, soreness, sleep quality, and mood and have proven feasible for routine moni-
toring in elite team-sport environments [2–4]. Recent research in elite youth soccer further
showed that different GPS-derived external load variables predicted distinct components
of perceived exertion, reinforcing the multidimensional relationship between external and
internal training load [12]. Taken together, the literature supports the use of multiple
monitoring streams rather than reliance on any single indicator.

A second line of work focuses on workload progression, accumulated stress, and
recovery dynamics. Indicators such as acute load, chronic load, monotony, strain, and
the Acute:Chronic Workload Ratio (ACWR) have been widely used to describe recent
exposure and contextualize training stress [5]. However, these conventional ratio-based
summaries have also been the subject of substantial methodological criticism, particularly
regarding their statistical validity, interpretability, and operational use as decision rules.
This issue is discussed in detail in Section 2.2. Moreover, short-term recovery states are
shaped not only by accumulated load but also by current readiness, session structure, and
the specific mechanical and neuromuscular demands imposed by football training. For
example, small-, medium-, and large-sided games may generate substantially different
locomotor and neuromuscular profiles even when total duration is comparable [13].

This problem is particularly relevant in elite women’s football, where evidence de-
rived from routine training-load monitoring remains comparatively sparse and hetero-
geneous [14]. In addition, female-specific contextual factors, including menstrual-cycle-
related variation, may influence sleep, perceived fatigue, soreness, and readiness, thereby
affecting the interpretation of wellness data and recovery status [15]. Despite growing
interest in athlete monitoring, existing studies offer limited guidance on how heteroge-
neous information streams should be organized into a coherent player-day representation
to support day-to-day operational decisions.

2.2. Workload Ratios and Machine Learning for Injury and Fatigue Risk

Considerable attention has been devoted to workload-based indicators, particularly
the ACWR. Although originally introduced as a practical framework for relating recent
training exposure to longer-term workload history [5], the concept has become increasingly
controversial. One important criticism concerns mathematical coupling: because the acute
workload is also a component of the chronic workload in conventional ACWR calculations,
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the resulting ratio may induce spurious correlations and inflate apparent associations with
outcomes [16]. Broader methodological critiques have further questioned the conceptual
basis, statistical robustness, and evidential support for the ACWR as a valid predictor of
injury or fatigue-related outcomes [17,18].

These critiques do not imply that recent workload history is irrelevant. Rather, they
suggest that ratio-based workload descriptors should not be interpreted as standalone
causal indicators or deterministic thresholds for decision-making. In applied monitoring
contexts, workload ratios are more defensible when treated as contextual descriptors
within a broader multivariate representation of player status. In the present study, session-
based Time-Dependent ACWR (TD-ACWR) is therefore used as one component of an
interpretable feature set rather than as an isolated risk rule. By defining acute and chronic
windows in terms of recent training events rather than fixed calendar periods, the approach
aims to reduce noise from irregular microcycles while avoiding overreliance on any single
ratio-derived indicator.

In parallel, machine learning has emerged as a promising approach to modeling injury
and fatigue risk as multifactorial, partly nonlinear phenomena. Beyond sport, machine-
learning-based fatigue detection has also been investigated in other safety-critical domains,
including EEG-based pilot monitoring, illustrating the broader potential of computational
systems for fatigue-related early warning [19].

In football, Rossi et al. [20] demonstrated that GPS-derived training data could be used
for injury forecasting, showing that predictive models may identify elevated-risk situations
with practically relevant sensitivity, although precision remains constrained by the low
prevalence and complexity of injury events. Similarly, Piłka et al. [21] showed that GPS-
based wearable sensor data could support machine-learning-based prediction of football
injuries, reinforcing the relevance of external load monitoring as a predictive data source
in football-specific risk modeling. More recently, Majumdar et al. [22] reviewed machine-
learning approaches for understanding and predicting injuries in football, emphasizing
both their potential and their persistent limitations, including small datasets, limited
external validation, insufficient interpretability, and challenges in practical deployment.

However, much of the literature remains prediction-centered. Existing studies most
often evaluate whether an adverse event can be forecast but provide less guidance on how
model outputs should be integrated into routine performance workflows. In particular,
fewer studies address how heterogeneous monitoring streams should be aligned at the
player-day level, how probabilistic outputs should be calibrated, and how predictions
should be translated into actionable recommendations under human supervision. This
leaves an important gap between predictive modeling and operational decision support.

2.3. Interpretable Analytics, Calibration, and Human-in-the-Loop Decision Support

A related body of work concerns interpretable machine learning and decision-support
systems. Explainable artificial intelligence methods, including feature-attribution ap-
proaches such as SHAP, can improve transparency by showing how individual variables
contribute to model behavior [23]. Nevertheless, in applied performance environments,
predictive performance alone is insufficient. Staff-facing systems must generate outputs
that are understandable, actionable, and compatible with existing decision-making work-
flows [8]. This requirement is consistent with human-in-the-loop machine learning, where
analytical systems are designed to support expert judgment rather than replace it [11]. Re-
lated research on IoT-enabled human–machine systems similarly emphasizes that system
performance depends on the dynamic interaction between automated components and
human operators, rather than on algorithmic output alone [24].
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Sports-specific decision-support systems differ substantially in their intended de-
cisions, analytical scope, and level of empirical maturity. Ofoghi et al. [25] developed
a software-supported framework that combined statistical, probabilistic, and machine-
learning methods to assist with athlete selection and tactical planning in track cycling.
Although this work demonstrated how analytical outputs can be connected to concrete
coaching decisions, it addressed a narrowly defined competition-level task and relied
on historical performance results rather than longitudinal readiness and workload mon-
itoring. In elite men’s basketball, Burger et al. [26] described athlete-monitoring sys-
tems as centralized platforms for integrating, processing, and visualizing multiple data
streams to inform daily load and recovery management. However, predictive analyt-
ics and artificial intelligence were presented primarily as future extensions of these sys-
tems rather than as empirically validated probability-to-action pathways. More recent
approaches have emphasized time-series analysis and broader analytical architectures.
Schelling et al. [27] proposed a sports decision-support framework based on time-series
segmentation and changepoint detection, illustrated by identifying the most demanding
scenarios in basketball. This approach provides temporally contextualized performance
information, but its primary output is retrospective characterization of demand rather
than individual next-day risk stratification. Mănescu [28] presented a broader frame-
work integrating data acquisition, predictive analytics, visualization, and alerts across
football, basketball, and athletics. Its cross-domain architecture was comprehensive, but
the reported demonstrations relied on synthetic scenarios and therefore provided limited
evidence regarding routine use with longitudinal data from elite athletes.

From a prognostic modeling perspective, evaluation should extend beyond discrimi-
nation metrics such as ROC-AUC. Calibration is particularly important when predicted
probabilities are used to support decisions, because poorly calibrated models may provide
misleading risk estimates despite acceptable ranking performance [29]. In the present
study, practical performance is further characterized through threshold sensitivity analysis,
including precision, recall, F1, and alert burden across alternative operating thresholds.

These considerations align with the information systems perspective, where the objec-
tive is not merely to optimize predictive accuracy but to design sociotechnical systems that
integrate data, analytics, interpretability, and human decision processes [8–10]. Existing
research offers valuable building blocks for athlete monitoring, workload modeling, inter-
pretable analytics, and human-centered decision support. However, relatively little work
has integrated these components into a coherent player-day decision-support information
system for elite football environments.

Taken together, previous systems range from competition-level tactical support and
centralized monitoring dashboards to time-series analysis and simulated cross-domain
analytical frameworks. The present study does not claim to introduce the first decision-
support system in elite sport. Its more specific contribution is to connect three elements
that have rarely been evaluated jointly using longitudinal real-world club data: player-
day alignment of wellness, GPS-derived external load, and proxy-derived internal-load
information; calibrated prediction of a next-morning subjective outcome under temporal
and cross-player validation; and translation of that probability into explicit staff-facing
recommendation states using a fixed threshold, predefined guardrails, and human over-
sight. At the same time, the proposed interface and human-in-the-loop workflow were not
prospectively evaluated, so the study should be interpreted as an empirical evaluation of a
decision-support architecture rather than validation of a fully deployed operational system.
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3. System Design
The proposed system is a proof-of-concept interpretable decision-support information

system designed for daily fatigue risk management in elite women’s football. Its main ob-
jective is to transform heterogeneous athlete-monitoring data into a single, player-centered
daily representation that supports timely, actionable training decisions. Rather than treating
wellness, external load, and proxy-derived internal-load information as distinct analytical
domains, the system integrates them into a single operational feedback process. The design
follows three layers: a player-day integration layer, an interpretable predictive layer, and a
recommendation layer that returns staff-facing actions under human oversight.

At the input level, the system combines three categories of daily signals. The first
captures the athlete’s subjective readiness before training through morning self-report. The
second represents external demand through GPS-derived workload measures. The third
is a wellness-duration internal-load proxy calculated from morning wellness and session
duration. Because it does not use an independent post-session CR-10 rating, this measure
should not be interpreted as conventional sRPE or as a direct measure of the athlete’s
post-session internal response [1,30]. To retain temporal context, the integration layer
further derives rolling and change-based workload descriptors of the proxy and external
load. The specific variables, transformations, and rolling windows used to operationalize
each category are detailed in Section 4.

Figure 1 illustrates the overall architecture. At the conceptual level, the system follows
a closed daily fatigue loop: morning wellness → training stimulus → wellness-duration internal-
load proxy → next-morning soreness. The core unit of integration is the player-day, defined
as one athlete observed on a single calendar day. This representation combines subjective
readiness, external demand, and proxy-derived internal load information into a coherent
temporal record for monitoring and prediction.

1

2

3

4

Morning wellness
soreness · fatigue · sleep · mood

GPS-derived load and session context
duration · distance · HSR · Player Load

microcycle position · match day

Derived wellness-duration proxy
fatigue · sleep · mood × session duration

current soreness excluded

Player-day integration layer
aligned current-day and rolling features

4/12-session workload descriptors

Interpretable predictive layer
calibrated probability p of elevated next-morning self-reported soreness

standardized Logistic Regression coefficient summary

Reduce
p ≥ θ

above review threshold

Maintain
p < θ

active operational guardrail

Progress
p < θ

no active operational guardrail

Staff review and override

Figure 1. Architecture of the proposed proof-of-concept decision-support information system. The
predictive layer outputs a single calibrated probability of elevated next-morning soreness, and the
recommendation layer converts this score, together with operational guardrails and staff oversight,
into one of three staff-facing outputs: Reduce, Maintain, or Progress.
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On top of this integration layer, the system applies a comparatively transparent
predictive model. Standardized logistic regression coefficients indicate the direction and
relative magnitude of associations between predictors and estimated risk. This provides
model-level transparency but does not establish that the resulting information is readily
understood or operationally useful to practitioners.

The recommendation layer converts the calibrated probability into one of three opera-
tional recommendation states. Reduce is returned when the predicted probability meets or
exceeds the review threshold. Below this threshold, Maintain is assigned when at least one
conservative guardrail is active, namely elevated current soreness or fatigue, or a marked
increase in recent workload. Progress is returned only when the predicted probability is
below the threshold, and no guardrail is active. Formally, let pi,t denote the calibrated
probability of elevated soreness on the morning of day t + 1 for player i, estimated using
information available for day t. Let Gi,t ∈ 0, 1 indicate whether at least one operational
guardrail is active. The recommendation state is defined as

Ri,t =


Reduce, pi,t ≥ τ,

Maintain, pi,t < τ and Gi,t = 1,

Progress, pi,t < τ and Gi,t = 0,

(1)

where τ denotes the probability threshold triggering high-priority staff review.
Unlike the probability threshold τ, which was selected empirically using data from the

analyzed club as described in Section 5.5, the operational guardrail cutoffs were specified a
priori and were not optimized against the retrospective outcome. Scores of ≥4 on the club’s
5-point wellness scale were treated as clearly elevated soreness or fatigue. A session-based
TD-ACWR ≥ 1.5 for the internal-load proxy (srpe_td_acwr in Table 1) was used as a
conservative operational flag for a marked increase in recent workload, informed by prior
workload literature [5].

Table 1. Internal-load-proxy and external-load predictors included in the player-day model.

Predictor Definition Window

Internal-load-proxy variables
srpe_td_acwr Session-based TD-ACWR of the wellness-duration internal-load proxy. 4/12 sessions
srpe_td_acute4 Mean internal-load proxy over the four most recent sessions. Last 4 sessions
srpe_td_chronic12 Mean internal-load proxy over the preceding twelve sessions. Previous 12 sessions
srpe_td_relchange Relative change in the internal-load proxy, calculated as (acute − chronic)/chronic. 4/12 sessions
rpe_td_acwr Session-based TD-ACWR of the wellness-derived perceived-intensity composite. 4/12 sessions

External-load variables
dist_td_acwr Session-based TD-ACWR of total distance. 4/12 sessions
dist_td_acute4 Mean total distance over the four most recent sessions. Last 4 sessions
dist_td_chronic12 Mean total distance over the preceding twelve sessions. Previous 12 sessions
dist_td_relchange Relative change in total distance, calculated as (acute − chronic)/chronic. 4/12 sessions
pl_td_acwr Session-based TD-ACWR of player load. 4/12 sessions
hi_td_acwr Session-based TD-ACWR of high-intensity running distance. 4/12 sessions
dur_td_acwr Session-based TD-ACWR of session duration. 4/12 sessions

Note. TD-ACWR denotes the session-based Time-Dependent Acute:chronic Workload Ratio, calculated as the acute
mean divided by the chronic mean. Acute and chronic windows were defined in terms of discrete training sessions
rather than calendar days. The internal-load proxy was calculated as the morning wellness composite (fatigue,
sleep, and mood; excluding soreness), rescaled to a Borg-like 0–10 range, multiplied by GPS-recorded session
duration. The variable names retain the original analytical-code labels (srpe and rpe), but all such variables in
this study were derived from the wellness-duration proxy and do not represent conventional post-session sRPE.
Wellness and contextual predictors are presented in Table 3.

Both the probability threshold and the guardrail cutoffs should be regarded as club-
specific operational rules rather than validated clinical thresholds or universally trans-
ferable safety boundaries. Their definitions and practical consequences depend on the
wellness scale, monitoring procedures, training structure, staff capacity, and the analyzed
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club’s risk tolerance. Accordingly, these rules should be recalibrated and prospectively
validated before being applied in other teams or monitoring environments.

Accordingly, the guardrail indicator is defined as

Gi,t = I
(

Si,t ≥ 4 ∨ Fi,t ≥ 4 ∨ TD-ACWR(L)
i,t ≥ 1.5

)
, (2)

where I(·) is the indicator function, Si,t and Fi,t denote current soreness and fatigue, respec-

tively, and TD-ACWR(L)
i,t denotes the TD-ACWR of the internal-load proxy. An illustrative

player-day example showing the Reduce branch and the associated staff-review workflow
is provided in Section 5.5.

Importantly, the names of the three recommendation states—Reduce, Maintain, and
Progress—denote suggested directions for training load adjustment for the upcoming
session, rather than absolute diagnostic evaluations of the athlete’s current physiologi-
cal state. Because the sub-threshold transition to Progress is strictly constrained by the
safety guardrails, a recommendation of Maintain does not necessarily imply a physical
deficit; rather, it often represents a conservative, precautionary ceiling triggered by a pro-
tective boundary (such as an abrupt workload spike or incomplete data). By framing
these outputs strictly as decision-support suggestions for load modification rather than
absolute status evaluations, the system aims to provide clear, actionable guidance for the
coaching team while preventing cognitive misalignment regarding the athletes’ actual
physiological readiness.

The predictive model therefore estimates risk, whereas the full system translates
risk and contextual safeguards into a staff-facing recommendation. These outputs are
intended to structure practitioner review rather than automate coaching decisions. The
final player-day card presents the risk estimate, key explanatory cues, and the proposed
action tier.

Regarding timing, a player-day record for day t is completed after that day’s session,
so that same-day GPS-derived external load and session duration are available. The model
then estimates the probability of elevated soreness on the morning of day t + 1, and the
resulting recommendation concerns the planned load for the next session (day t + 1) rather
than the already-completed session on day t. Any recommendation is provisional and is
intended to be updated once the athlete’s morning wellness on day t + 1 has been recorded.

4. Data and Methods
4.1. Study Context, Sample, and Data Sources

Data were collected from Lech Poznań UAM, a professional women’s football team
competing in the top tier of the Polish national league, across two consecutive competitive
seasons (2024/25 and 2025/26). All records were integrated at the player-day level, with
athlete identity and calendar date serving as primary keys, aligning morning wellness,
same-day external load, and daily internal load into a single analytical unit, consistent with
the player-day integration layer described in Section 3.

The integrated dataset comprised 17,703 player-day observations across both seasons
(8395 in 2024/25 and 9308 in 2025/26). Morning wellness questionnaires were available
for 70% of player-days, GPS-derived external-load data for 26%, and the daily wellness-
duration internal-load proxy for 22%. The lower GPS coverage relative to wellness re-
flects that wellness self-reports were collected daily for the full squad, whereas GPS data
were recorded only for outfield players during on-pitch sessions. When multiple ses-
sions occurred on the same calendar day, their GPS records were aggregated into a single
daily observation in order to preserve consistency with the morning-to-next-morning fa-
tigue cycle. Days without verified formal training exposure were retained as rest days
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rather than discarded, ensuring that periods of reduced load remained represented in the
temporal record.

Three data streams were combined. Morning wellness questionnaires captured self-
reported fatigue, soreness, sleep quality, mood, and menstrual cycle context on a 5-point
ordinal scale. External load was obtained from 10 Hz GPS devices and comprised to-
tal distance, high-speed running (HSR), sprint distance, player load, and acceleration–
deceleration efforts. A proxy for internal load was constructed as a daily wellness-duration
product by combining the morning wellness composite (fatigue, sleep, and mood; exclud-
ing soreness) with GPS-recorded session duration. This measure is referred to throughout
as the wellness-duration internal-load proxy and is not considered equivalent to conven-
tional post-session sRPE, as detailed in Section 4.2. Each player-day was further assigned a
position within the training microcycle relative to the nearest official match, expressed in
standard football notation (e.g., MD, MD-1, MD-2, MD+1), where negative values denote
days preceding a match and positive values denote days following it. This labeling pre-
served the weekly tactical and recovery context of training and identified the days most
relevant to load-adjustment decisions.

Because the predictive model required the internal-load proxy (which in turn required
both wellness and GPS session duration), the primary modeling sample comprised player-
days with a complete source set (the “full-source stratum”). The wellness-duration proxy
was available on 22% of player-days (approximately 3900 observations); after retaining
only player-days with a valid next-day soreness label and excluding the first 28 days of
each athlete’s series within each season to stabilize rolling indicators, the full-source stra-
tum comprised 3386 player-days from 24 players, containing 350 elevated-soreness events
(10.3% prevalence). Events were present in both seasons, with the majority in 2025/26
(134 events in 2024/25 and 216 in 2025/26, reflecting higher GPS coverage in the sec-
ond season). With 19 candidate predictors, this corresponded to 18.4 events per variable,
comfortably above the conventional minimum for regularized logistic regression and
providing a reasonable event count for a regularized, low-dimensional model compared
with a single-season analysis. Single- and dual-source variants were additionally evalu-
ated on broader strata in the source-ablation analysis (Section 5.1). Across both seasons,
31 unique players were observed, including 26 members of the 2025/26 squad. Of these,
24 contributed complete-source observations to the primary modeling sample, while the
per-player LOPO summary was restricted to the 20 players with at least two elevated-
soreness events.

Restricting the primary analysis to the complete-source stratum introduced systematic
sample selection. The 3386 modeled player-days disproportionately represent structured
on-pitch training sessions and match days, during which GPS monitoring was routinely
available. In contrast, the excluded observations more frequently represent scheduled rest
days, off-pitch recovery, gym-only sessions, injury-rehabilitation periods, travel, and days
with incomplete monitoring. The analyzed sample therefore differs from the full set of
17,703 player-days not only in data completeness but also in training context, physical
exposure, and the likely prevalence of outcomes.

This selection is consistent with the intended use of the system for load-management
decisions during active on-pitch preparation. Nevertheless, it limits generalizability. The
fitted relationships describe fully monitored, predominantly active training states and may
not apply to rest, rehabilitation, gym-based, or otherwise unmonitored days. Consequently,
the reported findings should be interpreted as conditional on the complete-source stratum
rather than as representative of a typical player-day across the full competitive cycle.

Table 2 summarizes the study context, data-source coverage, and final modeling
sample. The modeled sample showed clear microcycle stratification: elevated next-morning
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soreness was most prevalent on match days and least prevalent on MD-1, supporting the
inclusion of microcycle position as a contextual predictor. Detailed microcycle-specific
sample sizes and outcome prevalence are provided in Appendix A Table A1.

Table 2. Study context, data-source coverage, and final modeling sample across two competitive seasons.

Category Metric Value

Study context
Players in the 2025/26 squad 26
Unique players across both seasons 31
Monitoring period July 2024–June 2026

Data-source coverage
Player-day observations 17,703

2024/25 season 8395
2025/26 season 9308

Wellness availability 70% of player-days
GPS availability 26% of player-days
Internal-load proxy availability 22% of player-days

Final modeling sample: full-source stratum
Player-day observations 3386
Players represented 24
Elevated next-morning soreness cases (≥4) 350 (10.3%)

2024/25 season 134 events
2025/26 season 216 events

Events per predictor 18.4
Note. The full-source stratum includes player-days with wellness, GPS-derived external-load data, the internal-load
proxy, and a valid next-morning soreness outcome. Events per predictor were calculated for 19 candidate predictors.
Detailed microcycle-specific sample sizes and outcome prevalence are presented in Appendix A Table A1.

4.2. Preprocessing, Feature Construction, and Prediction Target

Following integration, the data were cleaned by harmonizing athlete identifiers—
reconciling the “Surname Forename” convention of the wellness export with the “Forename
Surname” convention of the GPS export, including diminutive forms, through an explicit
name-mapping dictionary—aligning timestamps, and removing duplicate records. Rolling
descriptors were computed strictly within each (player, season) block to prevent leakage
across the off-season boundary. Days without verified training exposure were retained
as rest days, with load-related variables set to zero only for confirmed no-session days.
Missing values arising from non-response or unavailable devices were not recoded to
zero; instead, source-availability indicators were added, and missing entries were imputed
within the modeling pipeline using training-set medians for numerical predictors and
the most frequent category for categorical predictors. Performing imputation within the
cross-validation pipeline, rather than beforehand, prevented validation-fold information
from leaking into the training process. These provisions handled item-level gaps in an
otherwise available source (for example, a single missing wellness item on a day with valid
GPS data). Player-days lacking an entire required source were not imputed because the
predictive model required wellness, GPS, and the internal-load proxy; such player-days
fell outside the full-source stratum and received no prediction rather than an imputed one.
Consequently, within the analyzed full-source sample, the source-availability indicators and
the “incomplete monitoring” guardrail (Section 5.1) refer to residual item-level gaps; whole-
source absence was handled upstream by the stratum definition, and the corresponding
deployment-time fallback for GPS-missing days is discussed in Section 6.2.

The daily internal-load proxy was constructed to approximate a session rating of per-
ceived exertion (sRPE) while remaining aligned with the player-day record. Three morning
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wellness dimensions—fatigue, sleep, and mood—were rescaled to a Borg-like 0–10 range
and combined into a single perceived-intensity composite; current soreness was deliber-
ately excluded from this composite so that the internal-load features did not reintroduce
same-day soreness into the no-current-soreness baselines used in the persistence-versus-
learning analysis (Section 5.2). The composite was then multiplied by daily GPS session
duration to yield an sRPE-style internal-load value [1,30]. We emphasize that this is a
wellness-duration proxy rather than a true sRPE: it substitutes a morning wellness com-
posite for the conventional post-session category-ratio-10 (CR-10) rating, which was not
available in this dataset. The proxy therefore provides a daily internal-load signal in the
absence of a traditional post-session CR-10 report, a limitation revisited in Section 6.2.
Throughout, references to the “internal-load proxy” or “sRPE-style proxy” denote this
wellness-duration construct.

To capture temporal workload dynamics, the feature set combined raw daily measures
with engineered descriptors reflecting short- and medium-term accumulation. The final
classifier relied primarily on session-based rolling descriptors: acute load computed over
the previous four sessions, chronic load over the previous twelve sessions, a session-based
Time-Dependent Acute:Chronic Workload Ratio (TD-ACWR), and short-term relative
change. To accommodate irregular training schedules, the Acute:Chronic Ratio was defined
over discrete training events rather than fixed calendar windows. Whereas calendar-
based formulations (e.g., a 7:28-day window) are sensitive to gaps introduced by fixture
congestion or seasonal breaks, the TD-ACWR computes the ratio over a fixed sequence of
sessions—the four most recent sessions for the acute window and the preceding twelve
for the chronic window—thereby preserving sensitivity to the actual ordering of physical
stress. Calendar-window descriptors (7-day acute load, 28-day chronic load, daily change,
monotony, and strain) were computed and available as an alternative operationalization [5];
the primary analysis used the session-based descriptors, and calendar-window results are
not reported in this proof-of-concept. Session-based ratios were preferred for the primary
analysis because they afforded substantially greater coverage in an intermittently monitored
applied setting, whereas stricter calendar-window definitions would have introduced
excessive missingness. We note that ratio-based workload indices are themselves subject to
known methodological criticism; the rationale for retaining a session-based formulation
as one interpretable feature among several, rather than as a standalone decision rule, is
discussed in Section 2.2.

The prediction target was next-morning muscle soreness, recorded on a five-point
ordinal wellness scale. For the primary analysis, this was dichotomized into an operational
binary target denoting elevated soreness (≥4) on the next calendar day, a formulation that
maps directly onto early-warning decision support and daily load adjustment. Formally,
let Si,t denote the self-reported soreness score for player i on the morning of day t. The
binary prediction outcome was defined as

Yi,t+1 = I(Si,t+1 ≥ 4). (3)

Thus, Yi,t+1 = 1 denotes elevated next-morning soreness, whereas Yi,t+1 = 0 denotes a
soreness score below 4.

Because the underlying construct is ordinal, the full 1–5 soreness scale was retained for
a planned secondary robustness check; the present proof-of-concept report only the binary
early-warning formulation, and the ordinal analysis is deferred to future reporting. The
19 predictors are presented in two tables for readability. Table 3 summarizes the wellness
and contextual variables, whereas Table 1 presents the internal- and external-load variables
and their window definitions.
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Table 3. Wellness and contextual predictors included in the player-day model.

Predictor Definition Time Reference

Morning wellness variables
soreness_today Self-reported muscle soreness measured on a 1–5 ordinal scale. Current morning
fatigue_today Self-reported fatigue measured on a 1–5 ordinal scale. Current morning
sleep_today Self-reported sleep quality measured on a 1–5 ordinal scale. Current morning
mood_today Self-reported mood measured on a 1–5 ordinal scale. Current morning

Session-context variables
session_duration Total duration of GPS-recorded sessions on the current day, in minutes. Current day
microcycle_offset Signed position relative to the nearest match (e.g., MD = 0, MD-1 = −1, MD+1 = +1). Current day
is_match_day Binary indicator identifying a match day. Current day

Note. Wellness variables were recorded before training. The predicted outcome was elevated muscle soreness the
following morning. Internal- and external-load predictors are presented separately in Table 1.

4.3. Models and Temporal Evaluation Protocol

For the primary classification task, a regularized Logistic Regression (LR) model was
compared with a histogram-based Gradient Boosting (GB) model. The model comparison
was deliberately limited to logistic regression and Gradient Boosting rather than designed
as an exhaustive benchmarking study. Logistic regression was selected as the primary
model because it provides a comparatively transparent representation of associations
with predictors, supports probability calibration, and can be implemented with limited
computational and operational complexity. Gradient Boosting was selected as the sole
comparator because it is a well-established, conceptually distinct nonlinear approach for
tabular data. Unlike logistic regression, it can capture nonlinear relationships, interactions,
and threshold effects without requiring their explicit specification. It therefore provided a
focused test of whether additional nonlinear flexibility produced a meaningful predictive
advantage over the simpler model.

Other commonly reported algorithms, including random forests, support vector ma-
chines, neural networks, and ensemble methods, were not evaluated because the objective
of this proof-of-concept study was not to identify the best-performing classifier from a
broad candidate set. Extensive algorithm selection would also increase the risk of model-
selection optimism, given the moderate number of complete-source observations and the
elevated number of elevated-soreness events. The comparison was instead designed to de-
termine whether a representative nonlinear model clearly outperformed logistic regression
under the same temporal validation framework. Because Gradient Boosting did not show
a consistent advantage, logistic regression was retained and subsequently connected to the
recommendation layer, which mapped its calibrated probabilities onto the Reduce, Maintain,
and Progress actions using the fixed review threshold and operational guardrails defined in
Section 3. Broader comparisons involving additional algorithms should be conducted in
future studies using larger and externally collected datasets.

For the logistic regression model, the conditional probability of elevated next-morning
soreness was defined as

pi,t = P(Yi,t+1 = 1 | xi,t), (4)

with

logit(pi,t) = log
(

pi,t

1 − pi,t

)
= β0 + xTi,tβ, (5)

where xi,t is the vector of predictors available for player i on day t, β0 is the intercept, and
β is the vector of regularized regression coefficients. The resulting probability pi,t was
subsequently calibrated within the training pipeline and used by the recommendation layer.

To preserve temporal validity, preprocessing, encoding, scaling, imputation, model
fitting, and probability calibration were encapsulated within unified pipelines. The system
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was evaluated under a multi-pronged validation strategy designed to address the distinct
threats to validity in player-monitoring data:

1. Rolling-origin temporal cross-validation (16 monthly folds across both seasons):
Each fold was trained on all prior months and evaluated on the subsequent month.
This provides a statistically meaningful estimate of fold-to-fold variability, unlike a
two-fold split.

2. Leave-one-player-out (LOPO) cross-validation: Each player was held out in turn, so
that no within-player baseline could be exploited at evaluation. This directly addresses
the concern that performance might reflect player-specific reporting tendencies rather
than a transferable signal.

3. Between-season validation: Training on 2024/25 and testing on the entirely unseen
2025/26 season, providing a deployment-like estimate of generalization to a new
competitive period and partially renewed squad.

4. Baseline ladder with isolation of soreness persistence (Section 5.2), quantifying how
much performance reflects learning beyond the autocorrelation of soreness.

Predictive performance was assessed using ROC-AUC, Average Precision (AP), and
the Brier score, capturing discrimination, ranking quality under class imbalance, and
calibration, respectively. The operational review threshold was selected within the training
data by maximizing F1 and then applied once to the held-out data, rather than being
tuned on the evaluation set. Standardized logistic regression coefficients were used to
describe model-level associations; their comprehensibility and usefulness to end users were
not evaluated.

H1 was evaluated across the three validation schemes, whereas H2 was evaluated
using source-ablation analysis, with ROC-AUC as the primary measure of discrimination.

4.4. Ethics, Consent, and Data Protection

All participants were members of a professional football squad, and the monitoring
data analyzed in this study (wellness self-reports and GPS-derived load) were collected
by the club as part of routine performance management, while the wellness-duration
internal-load proxy was derived analytically. The study was conducted in accordance with
the principles of the Declaration of Helsinki.

No approval from a university research-ethics committee was sought or required for
this work. The data were not generated through any research intervention: they origi-
nate from routine, contractually based performance monitoring carried out by the club
in the ordinary course of professional team operation, and were analyzed retrospectively
in pseudonymized form. The club acts as the data controller and is responsible for data
collection, for informing the players about the monitoring program, and for pseudonymiz-
ing the records before they are made available for analysis. As part of their professional
engagement with the club, players are informed about the routine performance-monitoring
program and consent to it under their contractual and club-regulatory arrangements. The
university research team acted solely as a data processor on already-pseudonymized data
and at no point had access to directly identifying information; analytical outputs were
returned only to the club for internal performance-management use.

All data were pseudonymized by the club prior to being shared for analysis: athlete
names were replaced with non-identifying codes, and no individual is identifiable in any
reported result or figure. Menstrual-cycle context, collected by the club, constitutes a special
category of personal data under the EU General Data Protection Regulation (GDPR); it
was handled solely in pseudonymized form for the club’s monitoring purposes and was
not used as input to the predictive model. Data were stored on access-controlled club
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infrastructure and processed under the lawful basis of legitimate interest in the context of
routine professional performance management.

5. Evaluation Results
5.1. Integration Adds Value

The internal consistency of the integrated player-day representation was first sup-
ported by within-player associations between the daily internal-load proxy and mechan-
ically driven GPS metrics. As expected, the strongest median Spearman correlation was
observed for session duration (rs = 0.812), followed by total distance (rs = 0.545) and
player load (rs = 0.525). Moderate associations were also observed for acceleration ef-
forts (rs = 0.392), high-intensity distance (rs = 0.378), and deceleration efforts (rs = 0.368).
These relationships support the coherence of the player-day integration layer, although they
do not by themselves establish whether integration improves decision support. Because
session duration is a multiplicative component of the wellness-duration proxy, its strong
association with session duration is expected by construction and should not be interpreted
as independent evidence of construct validity. Associations with total distance, player load,
and other GPS-derived measures provide limited convergent evidence within the studied
environment, but they do not establish equivalence with conventional post-session sRPE.

The principal assessment of integration effects was therefore the source-ablation analysis
presented in Table 4. Using rolling-origin temporal validation across 16 folds, the full multi-
source system delivered the strongest discrimination overall (ROC-AUC = 0.759 ± 0.089)
but was not consistently dominant across all performance metrics. The wellness + GPS vari-
ant achieved the highest Average Precision (0.371 ± 0.131), while the wellness-only model
obtained the lowest Brier score (0.0794). Because the Brier score combines calibration and
refinement, and because the single- and dual-source variants were evaluated on their re-
spective broader strata with differing outcome prevalence (see caption), this indicates the
lowest overall probabilistic error rather than demonstrably superior calibration; between-
variant comparisons of the Brier score in particular should be read with that caveat. All
single-source variants performed worse in terms of discrimination, with GPS-only being the
weakest (ROC-AUC = 0.586 ± 0.101), while wellness-only (0.712 ± 0.118) and proxy-only
(the wellness-duration proxy; 0.721 ± 0.087) showed intermediate performance. Because
these estimates are based on 16 folds, the reported standard deviations reflect meaningful
temporal variability. The overlap between the strongest configurations suggests that while full
integration improves discrimination, performance differences across top-performing variants
are modest and metric-dependent.

Taken together, these findings suggest that integrating multiple monitoring streams
improves the overall predictive signal compared with using any single source alone, despite
relatively modest differences among the strongest model variants.

5.2. Persistence Versus Learning: Isolating the Contribution of Current Soreness

Because next-morning soreness is autocorrelated with current soreness, and current
soreness is among the model’s inputs, a central question is how much predictive per-
formance reflects genuine learning rather than the mechanical persistence of soreness.
We addressed this directly with a baseline ladder evaluated under leave-one-player-out
cross-validation, so that no within-player baseline was available at evaluation (Figure 2):

• L0—persistence rule: Flags elevated soreness tomorrow whenever soreness today ≥4.
ROC-AUC = 0.721.

• L1—two-feature model: LR on current soreness and current fatigue only.
ROC-AUC = 0.707, AP = 0.329.

• L2—full feature set excluding current soreness: ROC-AUC = 0.738, AP = 0.235.
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• L3—full model: ROC-AUC = 0.782, AP = 0.319.

Two findings are central. First, a model that excludes current soreness entirely (L2) still
outperforms the persistence rule (ROC-AUC 0.738 vs. 0.721), suggesting that recent external
and internal load and current readiness carry predictive signal independent of soreness
persistence. Second, the isolated contribution of current soreness is reliable but modest:
adding it (L3 vs. L2) improves discrimination by ∆ROC-AUC = +0.044 (95% bootstrap
CI [+0.027,+0.059]) and ranking by ∆AP = +0.084 ([+0.057,+0.113]). The confidence
intervals exclude zero, so current soreness is genuinely informative, but it accounts for
roughly four ROC-AUC points, not the bulk of the model’s performance.

Table 4. Performance of source-ablation variants under rolling-origin temporal validation (16 monthly
folds, logistic regression). Dual-source variants cover all three pairwise combinations of the wellness,
GPS, and internal-load (sRPE-style) streams. Each variant was evaluated on its own maximal available
stratum, so sample sizes and outcome prevalence differ across rows; between-row comparisons
(especially of the Brier score, which is prevalence-dependent) are therefore approximate rather than a
matched-sample ablation.

Configuration ROC-AUC ↑ Avg. Precision ↑ Brier Score ↓
Wellness-only 0.712 ± 0.118 0.327 ± 0.141 0.0794
GPS-only 0.586 ± 0.101 0.180 ± 0.107 0.0897
Proxy-only 0.721 ± 0.087 0.239 ± 0.112 0.0862

GPS + Proxy 0.704 ± 0.100 0.229 ± 0.115 0.0885
Wellness + GPS 0.747 ± 0.101 0.371 ± 0.131 0.0802
Wellness + Proxy 0.727 ± 0.093 0.339 ± 0.168 0.0809

Full integration 0.759 ± 0.089 0.350 ± 0.142 0.0805
Note. Bold text indicates the best performance for each metric. Upward arrows (↑) denote that higher values are
better; downward arrows (↓) denote that lower values are better.
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Figure 2. Baseline ladder under leave-one-player-out cross-validation, isolating the contribution
of current soreness. (A, left) Discrimination (ROC-AUC) and (B, right) ranking quality (Average
Precision) across increasing model complexity, from a trivial persistence rule (L0) to the full model
(L3). The model excluding current soreness (L2) already exceeds the persistence floor; the isolated
contribution of current soreness (L3 vs. L2) is reliable but modest.

The contrast between ROC-AUC and Average Precision across the baseline ladder
is instructive in itself. The two-feature model (L1) attains higher Average Precision than
the no-soreness model (L2), despite a lower ROC-AUC, reflecting that current soreness
concentrates precision on the highest-risk cases (where it most closely resembles the out-
come), whereas the broader load-based feature set improves overall ranking across the full
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risk range. Reporting both metrics, rather than ROC-AUC alone, is therefore essential at
this prevalence.

This analysis reframes the headline result: rather than claiming a single high AUC,
we show transparently that the system learns a real, if moderate, signal beyond soreness
persistence—a more defensible and operationally honest basis for decision support.

5.3. Temporal Stability and Between-Season Generalization

Temporal validity was assessed under rolling-origin cross-validation across 16 monthly
folds spanning both seasons (Figure 3A). The final classifier retained usable performance
throughout, with ROC-AUC = 0.759 ± 0.089, Average Precision = 0.350 ± 0.142, and
Brier score = 0.080 ± 0.023. Logistic regression outperformed gradient boosting in the
majority of folds (GB: ROC-AUC = 0.746 ± 0.085), consistent with the view that it did
not provide a clear performance advantage at this sample size and prevalence. Because
variability is now estimated from 16 folds, the standard deviations are meaningful, unlike
a two-fold estimate.

As a season-holdout test, the model was trained on the entire 2024/25 season and
evaluated on the unseen 2025/26 season (Figure 3B). This between-season test yielded
ROC-AUC = 0.801 (Average Precision = 0.401, Brier = 0.077). Consistent with the fold-
to-fold variability of the rolling-origin analysis (SD = 0.089), individual monthly folds
contained few elevated-soreness events and therefore yielded noisier month-level estimates;
evaluated instead on a full season with 216 events, the model retained useful discrimination
in a new competitive season within the same club and a partially renewed squad. A model
excluding current soreness also retained discrimination in the held-out season within the
same club (ROC-AUC = 0.770), reinforcing that the cross-season signal does not depend
solely on soreness persistence.
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Figure 3. Temporal and cross-season validation. (A, top) Rolling-origin ROC-AUC across 16 monthly
folds for logistic regression and gradient boosting. (B, bottom left) Cross-season validation, with
models trained on the 2024/25 season and evaluated on the unseen 2025/26 season, for the full
logistic regression model, gradient boosting, and a logistic regression model excluding current-day
soreness. (C, bottom right) Calibration curve and predicted-probability distribution for the logistic
regression model evaluated on the 2025/26 season; the corresponding Brier score is reported within
the panel.

Leave-one-player-out cross-validation provided a complementary view in which no
within-player baseline could be exploited: pooled ROC-AUC = 0.782, with a per-player
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median of 0.708 (IQR: 0.678–0.813) across the 20 players with at least two events. The
combination of rolling-origin, between-season, and leave-one-player-out results supports
temporal stability and cross-player transfer within the studied club. However, these
analyses do not constitute external validation and cannot establish applicability to elite
women’s football more broadly.

5.4. Operational Usefulness and Empirical Evaluation of the Three-State Recommendation Logic

For operational use, discrimination alone is insufficient; the estimated probabilities
must also be interpretable at the threshold level, as calibration is essential whenever model
outputs are translated into decisions [29]. Calibration on the unseen 2025/26 season
(Figure 3C) showed acceptable agreement between predicted and observed risk across the
lower-to-middle probability range (Brier = 0.077), with sparse data in the highest bins,
supporting the translation of model output into transparent action tiers rather than reliance
on probability values alone.

Numerically, calibration error on the unseen 2025/26 season was low: expected
calibration error (ECE) = 0.036 and maximum calibration error (MCE) = 0.089 across ten
quantile bins. We report quantile-binned values because equal-width binning places very
few observations in the highest-probability bins, inflating the maximum-error estimate.

The review threshold was selected once during the 2024/25 training season by maxi-
mizing F1, yielding p ≥ 0.20. We then assessed this threshold under two complementary
schemes, which we kept explicitly separate.

F1 was adopted as the threshold-selection criterion because the operational objective
was to balance missed elevated-soreness cases and excessive false alerts. However, false-
positive and false-negative classifications have different practical consequences. A false
positive may lead staff to conduct an unnecessary review or apply an overly conservative
load adjustment to a player who would not have reported elevated soreness the following
morning. Repeated false alerts could increase staff workload, reduce training exposure,
disrupt session planning, and weaken confidence in the system.

A false negative occurs when a player who subsequently reports elevated soreness is
not assigned to the high-priority Reduce state. In practice, this may result in the planned
load being maintained or progressed without additional review, potentially overlooking a
short-term recovery concern. Nevertheless, because the predicted outcome is self-reported
soreness rather than injury or medical deterioration, a false negative should not be inter-
preted as a missed diagnosis of injury.

The relative costs of these errors depend on the club’s training objectives, staffing
capacity, competition schedule, and tolerance for missed alerts. Maximizing F1 implicitly
assigns similar importance to precision and recall and therefore represents one operational
compromise rather than a universally optimal decision rule. Clubs prioritizing the avoid-
ance of missed elevated-soreness cases may select a lower threshold to increase sensitivity,
whereas clubs seeking to limit unnecessary interventions may use a higher threshold.
Human review and operational guardrails are intended to mitigate the consequences of
both types of classification errors rather than to allow the model output to automatically
determine training decisions.

Scheme 1—between-season threshold evaluation. Applying the fixed threshold to the
held-out 2025/26 season produced precision = 0.350, recall = 0.542, and an alert burden of
15.8 player-days per 100. This estimates the operating point a practitioner would obtain by
fixing the threshold for one season and applying it to the next.
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Scheme 2—out-of-fold evaluation of the three-state layer. To characterize the full three-state
output across both seasons rather than a single test block, we applied the same fixed
threshold (p ≥ 0.20) to out-of-fold predictions generated under rolling-origin validation.
Because rolling-origin validation could not produce predictions for the earliest months
(due to the lack of prior training data), this analysis covered 3127 of the 3386 full-source
player-days; the 259 excluded observations fell in July and August 2024, before sufficient
training history had accumulated. The decision-support layer returns one of three actions
rather than a single probability. Reduce was returned when p ≥ 0.20; below threshold, Main-
tain was returned when an operational guardrail was active (current soreness ≥ 4, current
fatigue ≥ 4, internal-load-proxy TD-ACWR (srpe_td_acwr) ≥ 1.5, or incomplete mon-
itoring), and Progress otherwise. The three states separated outcomes monotonically:
player-days labeled Progress had an observed next-morning soreness rate of 0.054 (95% Wil-
son CI [0.046, 0.064]), compared with 0.217 [0.152, 0.299] for Maintain and 0.326 [0.285, 0.369]
for Reduce (Figure 4 and Table 5). Because Maintain and Progress are the two sub-threshold
states distinguished only by the guardrails, we tested this specific contrast directly: a
chi-square test on the 2 × 2 table of state (Progress vs. Maintain) by next-morning outcome
was statistically significant (χ2 = 49.8, d f = 1, p < 0.001), indicating that Progress days
had a lower observed outcome rate than Maintain days rather than reflecting an arbitrary
split. Among sub-threshold cases, guardrails were activated in 4.5% (driven primarily by
elevated current fatigue and soreness), capping these at Maintain rather than Progress. This
demonstrates that the three-state logic provides useful risk stratification but should be
interpreted as an early-warning and review-prioritization mechanism rather than as an
automated prescription for load adjustment. The probability-to-action mapping, therefore,
functions as decision support rather than as an automatic prescription rule.
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Figure 4. Empirical evaluation of the three-state recommendation layer on out-of-fold predic-
tions. (A) Observed next-morning soreness rate by recommendation state, with the Progress versus
Maintain contrast tested by χ2. (B) Row-normalized confusion of the DSS state against the actual
next-morning outcome.

Table 6 makes this trade-off explicit by reporting precision, recall, F1, and alert burden
across alternative thresholds under both validation schemes.
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Table 5. Three-state operational recommendation logic for the final calibrated classifier, with em-
pirical outcomes from out-of-fold predictions (Scheme 2; n = 3127 player-days with available
rolling-origin predictions).

Value Rule Soreness Rate 95% CI n (%) Operational Use

Reduce p ≥ 0.20 0.326 [0.285, 0.369] 473 (15.1%)
High-priority manual review before
training; consider load reduction if

supported by context.

Maintain p < 0.20 and
active guardrail 0.217 [0.152, 0.299] 120 (3.8%)

Keep the planned session, or apply a
conservative adjustment; default to the

output if ambiguous.

Progress p < 0.20 and
no guardrail 0.054 [0.046, 0.064] 2534 (81.0%) Allow planned progression only after

routine staff confirmation.

Note. Bold text in the first column highlights the operational recommendation states. The model outputs one
calibrated probability p of elevated next-morning soreness. The DSS then maps it, via post-processing, to one
of three operational values. The threshold p ≥ 0.20 was selected by maximizing F1 inside the 2024/25 train-
ing season. Observed soreness rates are reported with 95% Wilson score confidence intervals, which remain
valid for small samples and proportions near the bounds (relevant given the small Maintain group, n = 120).
Shares are reported over the 3127 player-days for which rolling-origin out-of-fold predictions were available
(Scheme 2); the remaining 259 of the 3386 full-source player-days fall in the earliest months (July–August 2024)
and lack out-of-fold predictions. For the between-season operating point obtained by fixing this threshold on
2024/25 and applying it to 2025/26 (Scheme 1), precision = 0.350 and recall = 0.542. Maintain and Progress are dis-
tinguished by operational guardrails, not by a second probability threshold. The Progress versus Maintain contrast
(a 2 × 2 chi-square test of these two sub-threshold states by next-morning outcome) is statistically significant
(χ2 = 49.8, d f = 1, p < 0.001).

Table 6. Threshold sensitivity of the operating point. Precision, recall, and alert burden are reported
across candidate thresholds under both validation schemes: between-season (training 2024/25, test
2025/26; 216 elevated-soreness events among 2112 player-days) and out-of-fold rolling-origin (both
seasons; 317 events among 3127 player-days). The selected threshold (p ≥ 0.20) maximized F1 in the
2024/25 training season. Alert burden is the number of flagged player-days per 100.

Threshold Precision ↑ Recall ↑ F1 ↑ Alerts/100

Scheme 1—between-season (test 2025/26)
p ≥ 0.150 0.254 0.671 0.368 27.0
p ≥ 0.175 0.285 0.593 0.385 21.3
p ≥ 0.200 0.350 0.542 0.425 15.8
p ≥ 0.250 0.441 0.463 0.451 10.7
p ≥ 0.300 0.510 0.366 0.426 7.3

Scheme 2—out-of-fold (both seasons)
p ≥ 0.150 0.259 0.628 0.367 24.6
p ≥ 0.175 0.296 0.539 0.383 18.5
p ≥ 0.200 0.326 0.486 0.390 15.1
p ≥ 0.250 0.384 0.385 0.384 10.2
p ≥ 0.300 0.455 0.290 0.355 6.5

Note. Bold text in the metric columns indicates the best value for each metric, while bold text in the Threshold
column highlights the selected operating threshold (p ≥ 0.20). Italics denote validation scheme headers. Upward
arrows (↑) indicate that higher values are better. Precision and recall behave monotonically across thresholds in
both validation schemes: precision increases, whereas recall and alert burden decrease. This indicates a stable
operating curve. The operating point can therefore be adjusted to satisfy an institution-specific constraint. For
example, a higher sensitivity target favors p ≥ 0.150, whereas a lower sustainable review burden favors p ≥ 0.250.
At the selected threshold (p ≥ 0.20), the out-of-fold operating point corresponds to the Reduce branch reported in
Table 5, comprising 473 flagged player-days. The full-source sample contained 350 events among 3386 player-days.
Rolling-origin out-of-fold predictions were available for 3127 player-days containing 317 events because the
earliest 259 observations, including 33 events, had no preceding training window. The between-season test was
restricted to the 2025/26 season and contained 216 events among 2112 player-days.

To assess clinical-style utility beyond discrimination, we performed a decision curve
analysis on the out-of-fold predictions (Figure 5). Across the full range of threshold
probabilities (0.05–0.50), the decision-support model achieved a higher net benefit than
both the “alert-all” and “alert-none” reference strategies. At the operating threshold
(p ≥ 0.20) the model’s net benefit was 0.024, compared with −0.123 for “alert-all” and

https://doi.org/10.3390/app16157705

https://doi.org/10.3390/app16157705


Appl. Sci. 2026, 16, 7705 20 of 28

0 for “alert-none”, confirming that the system adds decision value rather than merely
discriminating.
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Figure 5. Decision curve analysis on out-of-fold predictions across both seasons. The decision-support
model (blue) yields higher net benefit than the “alert-all” (orange) and “alert-none” (dotted) reference
strategies across the operational threshold range. The vertical line marks the operating threshold
(p = 0.20).

5.5. Proposed Human-in-the-Loop Workflow

Figure 6 presents the final player-day output designed to communicate model re-
sults to staff. The card foregrounds the calibrated probability of elevated next-morning
soreness, the upper review threshold, compact morning-wellness cues, concise session-
context indicators, and the resulting branch of the three-state recommendation logic. The
card therefore functions as a structured review interface rather than a standalone decision
engine. The example shown is a single illustrative player-day (a pre-match MD-3 observa-
tion) in which a high predicted risk (p = 0.76) coincides with a readiness deficit (fatigue
5/5, sleep 3/5, soreness 5/5) and a substantial recent internal load (internal-load-proxy
acute-4 = 541 AU·min), triggering a Reduce recommendation with explicit provision for
staff override. To avoid revealing the outcome at the time of decision, the observed next-
morning soreness is deliberately omitted from the card.

The proposed workflow is supported conceptually by the model coefficients shown
in Figure 7. The strongest positive signals were current soreness (+0.63), match-day
status (+0.55), the acute four-session total-distance load (+0.46), current fatigue (+0.41),
the acute four-session internal-load proxy (+0.34), and session duration (+0.30). On the
protective side, the strongest negative associations were a lower session-based duration TD-
ACWR (−0.60) and higher chronic distance (−0.51)—consistent with the interpretation that
well-conditioned athletes carrying higher chronic load tolerate daily stimulus better. The
recommendation layer preserved explicit staff override and applied conservative guardrails
before assigning Progress. The system is therefore proposed as a human-in-the-loop early-
warning mechanism that structures review and load-adjustment decisions while preserving
practitioner control.
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P07
Player P07
2025-09-12 · Lech Poznań · pre-match window

MD-3

MORNING WELLNESS

Fatigue 5/5

Sleep 3/5

Soreness 5/5

Mood 3/5

GPS EXTERNAL LOAD

Total dist. 5.98 km

HSR 90 m

Player Load 618 AU

Acc / Dec 50 / 46

INTERNAL LOAD & DYNAMICS

Internal-load proxy 553 AU·min

Duration 69 min

TD-ACWR 1.09

Internal-load proxy acute-4 541 AU·min

0.76
/ 1.0

0 thr 0.20 1

Next-morning
soreness risk (≥ 4/5)

LR + TD-ACWR · calibrated

⚠ Elevated current soreness (5/5) and fatigue (5/5) — guardrail active

⚠ Substantial recent internal load — internal-load proxy acute-4 = 541 AU·min

⚠ Pre-match MD-3 with poor readiness profile

Reduce
Predicted next-morning soreness risk: 0.76.
The predicted risk exceeds the review threshold of 0.20. Elevated current
soreness and fatigue provide additional reasons for staff review.
Staff may override — human-in-the-loop decision

Figure 6. Example anonymized player-day card illustrating the output of the decision-support layer.
The interface combines the calibrated probability of elevated next-morning soreness with the fixed
review threshold of p = 0.20 (left), morning-wellness indicators, GPS-derived external-load measures,
and wellness-duration internal-load proxy dynamics (top), automatically generated warning flags
(center), and the resulting staff-facing recommendation with a human-in-the-loop override option
(bottom). In this illustrative Reduce case, the predicted risk of 0.76 exceeds the review threshold.
The example is based on retrospective data and is presented for illustration only; the observed
next-morning outcome would not be available or displayed at the time of decision-making.
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Figure 7. Standardized logistic regression coefficients (full sample). Positive values indicate a higher
estimated risk of elevated next-morning soreness; negative values indicate a protective association. A
one-standard-deviation change in a predictor corresponds to the plotted change in log-odds.
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6. Discussion
6.1. Implications for Decision-Support Information Systems

The study does not propose a new fatigue-prediction method. Its principal contri-
bution is system-level: established wellness measures, GPS-derived variables, workload
descriptors, and a comparatively transparent predictive model are integrated into a com-
mon player-day representation and connected to an operational recommendation layer.
The predictive model should therefore be viewed as one component of the proposed
decision-support architecture rather than as the primary methodological innovation.

From an information systems perspective, the contribution lies in integrating hetero-
geneous monitoring signals into a single daily operational representation and translating
them into calibrated, staff-facing recommendations [9,10]. The results provide preliminary
evidence that this architecture can support within-club risk stratification and staff review.
They should not be interpreted as demonstrating the superiority of a novel predictive
algorithm or the universal optimality of the selected model and feature set.

The baseline-ladder analysis provides an important qualification of the role of cur-
rent soreness. The model excluding current soreness retained competitive discrimination
(ROC-AUC = 0.738), whereas adding this variable improved ROC-AUC by 0.044 and
Average Precision by 0.084. This suggests that recent workload history and other readiness
indicators capture a substantial, though not identical, portion of the information associated
with next-morning soreness. Current soreness should therefore be interpreted as an incre-
mental, rather than dominant, predictor: it improves the identification of higher-risk cases,
but most of the model’s discrimination does not depend on soreness persistence alone. In
practice, soreness should be considered alongside longitudinal workload and readiness
information rather than used as a standalone decision rule.

The internal-load proxy also requires cautious interpretation. Unlike conventional
post-session sRPE, the wellness-duration measure combines pre-session status with session
duration and therefore does not directly measure the perceived exertion generated by
the completed session. The two measures may diverge when good morning wellness is
followed by an unusually demanding session or when poor morning wellness precedes a
light session. Because several predictors are derived from this proxy, such measurement
differences may affect both estimated associations and predictive performance. Similar
results cannot be assumed if conventional post-session sRPE were used; direct comparison
of the two operationalizations is therefore required in future studies.

The source-ablation results further indicate that the value of integration depends on
the performance objective. Full integration achieved the highest ROC-AUC, whereas well-
ness + GPS achieved the highest Average Precision and wellness-only produced the lowest
Brier score. Thus, no configuration was uniformly superior across discrimination, ranking
quality, and calibration. The fully integrated model remains the preferred proof-of-concept
configuration because it preserves all three intended monitoring domains—current readi-
ness, external exposure, and proxy-derived internal-load information—and provides the
complete information required by the proposed recommendation and guardrail framework.
This preference reflects system coverage and operational coherence rather than uniform
statistical superiority; alternative configurations may be preferable when data availability
or the primary performance objective differs.

An additional practical consideration concerns routine deployment under incomplete
monitoring. Although the fully integrated model remains the preferred operational config-
uration, the source-ablation results suggest that the system would retain useful discrimina-
tion when GPS data are unavailable, as the wellness-only model achieved an ROC-AUC of
0.712, whereas GPS-only performance was substantially lower (ROC-AUC = 0.586). This
indicates that wellness monitoring constitutes the most informative individual data source
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in the present setting, while GPS-derived variables provide complementary predictive
value. These conclusions should nevertheless be interpreted with caution because they
are based on retrospective source-ablation analyses rather than on prospective evaluation
under realistic patterns of missing data.

In operational use, the system translates calibrated risk estimates and guardrails
into three staff-facing recommendations: Reduce, Maintain, or Progress. These recom-
mendations are intended to prioritize practitioner review rather than automate load-
adjustment decisions.

The observed discrimination suggests potential usefulness for preliminary within-club
risk stratification and prioritization of player-days for staff review but not for autonomous
load-adjustment decisions. The system is therefore best viewed as an early-warning tool
that supports, rather than replaces, practitioner judgment. At the selected threshold, ap-
proximately 15–16 player-days per 100 would be flagged, with a precision of approximately
0.33–0.35, meaning that a substantial proportion of alerts would not be followed by elevated
next-morning soreness. Such false alerts may be acceptable when review is brief, and the
cost of missing a high-risk case is considered greater than the cost of an additional staff
assessment. False-positive alerts may increase staff workload and encourage unnecessary
caution, whereas false-negative classifications may fail to prioritize a player-day that would
otherwise merit closer review. Because the system is intended for review prioritization
rather than automated prescription, either type of error should be interpreted in conjunction
with practitioner judgment and the broader training context. However, acceptable alert
burden will depend on local staffing and risk tolerance. As shown in Table 6, increasing the
threshold can reduce the review burden to approximately 10 alerts per 100 player-days, at
the cost of lower sensitivity.

6.2. Limitations and Future Work

Several limitations should be acknowledged. First, all data originated from a sin-
gle elite women’s football club. Although the analysis spans two seasons and includes
rolling-origin, between-season, and leave-one-player-out validation, these procedures as-
sess temporal stability and cross-player transfer only within the same organizational context
and do not constitute external validation. Transferability may be affected by differences in
squad characteristics, training methodology, periodization, monitoring systems, reporting
practices, match schedules, and staff workflows. The probability threshold and guardrail
cutoffs were also developed within this specific organizational and monitoring context.
Their apparent utility in separating recommendation states does not establish that the same
numerical values would be appropriate in other clubs. External implementation would re-
quire local recalibration and prospective validation of the resulting alert burden, sensitivity,
and practical consequences for training decisions. Applicability to semi-professional and
amateur settings is also uncertain because of differences in training frequency, monitoring
adherence, non-football demands, and staff resources. Similarly, transferability to male
football populations cannot be assumed, as workload profiles, physical demands, and
wellness-reporting patterns may differ. The findings should therefore be interpreted as evi-
dence of feasibility within the studied club rather than as evidence of general applicability
to elite women’s football. Independent multi-club, multi-level, and sex-specific validation
is required, potentially followed by local recalibration or model updating.

Second, model development and validation were restricted to the complete-source stra-
tum. GPS data were available for only 26% of all player-days, while the wellness-duration
internal-load proxy was available for 22%. Consequently, the final modeling sample of
3386 observations represented approximately 19.1% of the initial 17,703 player-days. The
included observations disproportionately represented structured on-pitch training and
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match exposure, whereas rest days, off-pitch recovery, gym sessions, rehabilitation periods,
travel, and incompletely monitored days were more frequently excluded.

This selection may have affected the reported model performance because the preva-
lence of elevated soreness, the distributions of the predictors, and the relationships between
workload and soreness may differ between fully monitored active-training days and ex-
cluded player-days. Restricting the analysis to a more homogeneous and systematically
monitored subset could increase apparent discrimination and calibration by reducing
contextual variability. Conversely, concentrating the analysis on demanding training and
match states could make prediction more difficult and reduce performance. The direction
and magnitude of this effect cannot be established from the available data.

Importantly, rolling-origin, between-season, and leave-one-player-out validation all
preserved the same complete-source inclusion mechanism. These procedures therefore
assess temporal and cross-player generalization within the selected stratum, but they do not
demonstrate that the model would retain the same performance across the full competitive
cycle. In particular, ROC-AUC, Average Precision, the Brier score, the selected probability
threshold, and the resulting alert burden should all be interpreted as conditional on the fully
monitored sample. Differences in outcome prevalence or data-collection practices could
alter calibration and require threshold recalibration even if discrimination remained similar.

Future studies should prospectively evaluate the system across a broader spectrum of
player-days and formally compare the characteristics and outcome prevalence of included
and excluded observations. A multi-tiered architecture should also be considered, in which
a reduced model, such as the wellness-only variant, provides a fallback prediction when
GPS or proxy data are unavailable. This would allow the system’s operational coverage
and performance to be evaluated under realistic patterns of incomplete monitoring.

Third, internal load was represented by a wellness-duration proxy rather than a
conventional post-session CR-10 sRPE measure. The proxy combines pre-session wellness,
which may reflect fatigue accumulated over previous days, with session duration. It may
therefore underestimate internal load when an athlete reports good morning wellness before
an unexpectedly demanding session and overestimate it when poor morning wellness
is followed by a light session. Although its associations with GPS-derived measures
support some coherence within the studied training environment, these associations do
not establish equivalence with true sRPE. The proxy should therefore be regarded as a
pragmatic surrogate requiring direct validation against independent post-session ratings.

Fourth, soreness and fatigue are subjective constructs influenced by psychological,
contextual, and reporting factors that were not fully observed. Individual athletes may
also interpret the ordinal scale differently, introducing measurement error that leave-one-
player-out validation only partly addresses. Moreover, the model predicts a subjective
next-morning soreness report rather than injury, medical diagnosis, or an objective recovery
marker. Its outputs should therefore be interpreted as early-warning information for staff
review, not as evidence of injury risk or a basis for automated clinical or training decisions.
As demonstrated by the baseline-ladder analysis, part of the predictive performance also
reflects soreness persistence; the additional signal learned from workload and readiness
variables is reliable but moderate.

Fifth, interpretability was assessed only at the model level and was not evaluated
empirically with end users. The use of regularized logistic regression and standardized
coefficients provides structural transparency by indicating the direction and relative magni-
tude of predictor associations. However, these characteristics do not establish that coaches,
medical staff, or strength and conditioning practitioners can correctly understand, trust,
and use the model outputs in routine decision-making.
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The study did not evaluate whether practitioners could accurately interpret the pre-
dicted probabilities, explanatory cues, recommendation states, or operational guardrails. It
also did not assess interface usability, practitioner acceptance, adherence to recommenda-
tions, the effects of staff overrides, or changes in training decisions. Accordingly, the term
“interpretable” in this study refers to the relative transparency of the model architecture
and the proposed presentation of its outputs, rather than to empirically demonstrated
end-user interpretability. Prospective user-centered studies should assess explanation
comprehension, usability, workflow integration, practitioners’ trust, and the system’s effect
on actual decisions.

The model comparison was restricted to logistic regression and gradient boosting and
should not be interpreted as a comprehensive benchmark of available machine-learning
methods. Other algorithms may achieve different or superior predictive performance.
The selected comparison reflected the study’s emphasis on transparency, implementation
simplicity, and integration into a decision-support workflow rather than on maximizing
predictive accuracy.

Finally, the recommendation layer was evaluated retrospectively using out-of-fold
predictions. Prospective studies are needed to examine alert burden in routine practice,
practitioner responses, recommendation overrides, resulting load modifications, and subse-
quent athlete outcomes before operational deployment can be considered.

In summary, future work should prioritize independent multi-club validation, direct
comparison of the internal-load proxy with conventional post-session sRPE, evaluation
under more complete GPS monitoring, and the prospective user-centered assessment
outlined above.

7. Conclusions
This paper presented a proof-of-concept interpretable decision-support information

system to support staff review of elevated next-morning self-reported soreness in elite
women’s football, integrating wellness, GPS-derived external load, and a daily wellness-
duration internal load proxy at the player-day level. The predictive component estimated
a single calibrated probability of elevated next-morning soreness, while the full system
returned a three-state recommendation (Reduce, Maintain, or Progress) through probability-
to-action mapping, operational guardrails, and staff oversight.

Across two seasons and under rolling-origin, leave-one-player-out, and between-
season validation, the logistic regression model achieved ROC-AUC values of 0.759 ± 0.089
(rolling-origin) and 0.801 (between-season). A transparent baseline-ladder analysis showed
that the model retained a predictive, reliable signal beyond the persistence of soreness, and
that the three-state recommendation layer separated observed outcomes monotonically
(Progress 0.054 vs. Maintain 0.217 vs. Reduce 0.326; p < 0.001). Within the studied elite
women’s football club, these findings suggest that daily fatigue management may be ap-
proached jointly as a prediction task and an information-systems design problem, provided
that integration, interpretability, calibration, honest baselining, and workflow fit are treated
as joint design requirements. External validation across clubs, training methodologies,
competitive levels, and male football populations is required before broader applicability
can be claimed.
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Abbreviations
The following abbreviations are used in this manuscript:

ACWR Acute:Chronic Workload Ratio
CR-10 Category-Ratio 10 Scale
DSS Decision-Support System
GPS Global Positioning System
HSR High-Speed Running
MD Match Day
RPE Rating of Perceived Exertion
ROC-AUC Receiver Operating Characteristic Area Under the Curve
sRPE Session Rating of Perceived Exertion
TD-ACWR Time-Dependent Acute:Chronic Workload Ratio

Appendix A. Microcycle Composition of the Modeling Sample

Table A1. Microcycle-specific sample sizes and prevalence of elevated next-morning soreness in the
full-source modeling sample.

Microcycle Category Player-Days (n) Elevated Soreness (%)

Recovery 1 (MD+1) 44 13.6
Recovery 2–5 (MD+2 to MD+5) 697 6.6
Mid-week (MD-6 to MD-4) 820 9.6
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Table A1. Cont.

Microcycle Category Player-Days (n) Elevated Soreness (%)

Pre-match 2–3 (MD-3, MD-2) 750 12.7
Pre-match 1 (MD-1) 578 4.2
Match day (MD) 497 20.1

Total 3386 10.3
Note. Elevated soreness was defined as next-morning muscle soreness ≥ 4 on the five-point wellness scale.
Microcycle categories sum to the full-source modeling sample.
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