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Abstract

Purpose: Elite team-sport programs increasingly combine athlete-reported wellness ratings with biochemical
markers, yet the applied interpretation of these multimodal data remains uncertain. This exploratory longitudinal
field study examined whether recovery-related athlete-reported states were associated with salivary markers,
acute competition exposure, and performance-readiness profiles in elite basketball players.
Methods: The dataset comprised 309 observations from 13 elite basketball players monitored over 15 weeks.
Athlete-reported variables included calmness, stress, anger, sleep quality, tiredness, muscle soreness, energy,
and sleep duration. Salivary biomarkers included pH, uric acid, aspartate aminotransferase (AST), creatine
kinase (CK), ketones, and immunoglobulin A (IgA). Minutes played were used as an indicator of acute
competition exposure. Analyses included correlations and biomarker stratification, exploratory risk-enrichment
analyses for biomarker abnormalities, fast-versus-slow subjective recovery comparisons, mixed-effects models
of post-game-to-recovery change scores, and performance-readiness group comparisons.

Results: Severe muscle soreness and low energy were the clearest subjective flags of biomarker abnormality.
The strongest enrichment was observed for low IgA among severe-soreness observations, with a rate of 75.0%
compared with 14.9% among trait-negative observations. Salivary pH differentiated fast and slow recovery from
tiredness (p=0.0167), whereas AST differentiated recovery phenotypes for energy (p=0.0130), calmness
(p=0.0240), and anger (p=0.0385). In mixed-effects models adjusted for minutes played, tiredness change was



negatively associated with salivary pH, while anger change remained positively associated with ketones and CK.
Selected associations involving tiredness and calmness also varied according to minutes played. Good- and poor-
performance-readiness observations showed significantly different multivariate profiles (Wilks lambda=0.3564,
F=25.02, p<0.001); good-performance-readiness observations were characterized by greater calmness, better
sleep quality, higher energy, lower stress and soreness, and lower IgA concentrations.

Conclusions: Selected athlete-reported recovery and affective states were associated with distinct, although
heterogeneous, salivary biomarker and performance-readiness profiles. Integrating athlete-reported measures
with biomarkers and recent competition exposure may support more informed recovery and readiness decisions
in elite basketball, particularly when changes are interpreted longitudinally and relative to individual athlete
baselines.

Keywords: athlete monitoring; basketball; salivary biomarkers; recovery; workload; performance readiness;
IgA

Key Points

e High soreness and low energy were the most consistent subjective flags of biomarker abnormality in this
elite basketball dataset.

e Associations between subjective change scores and biomarkers depended partly on minutes played,
supporting workload-contextualized interpretation.

e The findings are exploratory and should be used to generate hypotheses and refine monitoring protocols
rather than establish diagnostic biomarker cutoffs.

1. Introduction

Elite basketball performance is produced under highly variable competitive demands, including repeated
accelerations and decelerations, jumps, changes of direction, body contacts, high-intensity transitions, technical
execution, and rapid tactical decision-making (1-3). These demands occur within congested training and
competition schedules, often accompanied by travel, sleep disruption, nutritional constraints, and psychosocial
stressors. In this context, recovery refers to the restoration of psychological, physiological, and functional
capacity after training or competition, such that the athlete can tolerate subsequent load and perform effectively
(4,5). When the balance between imposed stress and available recovery resources is repeatedly disrupted,
athletes may develop maladaptive responses ranging from short-term functional overreaching to nonfunctional
overreaching and, in severe cases, overtraining syndrome (5). Overtraining syndrome is a prolonged maladaptive
condition characterized by persistent performance decrements and multisystem disturbances; however, its
diagnosis remains primarily clinical because no single biomarker or universally accepted diagnostic threshold
can reliably identify it (6). Accordingly, athlete monitoring should be interpreted as a strategy for identifying
early patterns of inadequate recovery, excessive strain, or altered readiness rather than as a diagnostic tool for
overtraining syndrome (4,7).

Contemporary athlete-monitoring systems increasingly adopt multidimensional approaches that integrate
performance, physiological, psychological, and workload-related measures rather than relying on a single
marker of training load, fatigue, or recovery (4,7). External workload refers to the objective work performed by
the athlete, such as distance, accelerations, jumps, impacts, or, in game-based datasets, minutes played. Internal
load refers to the athlete’s psychophysiological response to that work, including perceived exertion, fatigue,
mood, soreness, sleep disruption, autonomic responses, and biochemical changes (4,7,8). In team-sport
environments, short subjective ratings are particularly valuable because they are low burden, repeatable, and
feasible during competitive periods (9). In the present study, subjective psychobiophysical states are defined
operationally as the combined psychological and perceived-physiological self-report variables collected from
athletes, including calmness, stress, anger, sleep quality, tiredness, muscle soreness, energy, and sleep duration.



These measures may capture meaningful within-athlete fluctuations in recovery, affective state, and readiness.
This is consistent with evidence indicating that self-reported measures can be sensitive to acute and chronic
changes in athlete well-being and can complement objective monitoring tools (5,7,9).

Biochemical markers may provide additional information about recovery-related processes, particularly when
interpreted longitudinally and within the context of workload, nutrition, illness, hydration, and individual
baseline values(10,11). Salivary monitoring is attractive in applied sport settings because it is minimally invasive
and can be repeated frequently (12,13). The present biomarker panel included salivary pH, uric acid, aspartate
aminotransferase (AST), creatine kinase (CK), ketones, and immunoglobulin A (IgA). Salivary pH is a
dimensionless measure of acidity or alkalinity in the oral fluid environment and may be influenced by salivary
flow rate, hydration, oral status, diet, buffering capacity, and physiological stress (13). Uric acid is a product of
purine metabolism and a major antioxidant in saliva, often interpreted in relation to redox balance, metabolic
activity, and exertional stress (14). Aspartate aminotransferase and creatine kinase are enzymes commonly used
as indirect markers of muscle membrane disruption or tissue stress, however, their interpretation is limited by
sampling timing, muscle mass, prior exercise, and large inter-individual variability (15—17). Ketones reflect
aspects of substrate availability and fat-derived energy metabolism, but salivary or strip-based ketone measures
are also sensitive to nutritional timing and hydration (18-20). Immunoglobulin A is a mucosal immune protein
that contributes to first-line defense on the mucosal surfaces. Salivary IgA concentration may reflect immune
status, but it is also influenced by saliva flow rate, secretion rate, illness, oral health, and acute stress (21,22).
Thus, although biomarkers may enhance physiological resolution to monitoring systems, they are inherently
context-dependent and should not be interpreted as isolated indicators of readiness or maladaptation (10,11,23).

Despite growing interest in athlete monitoring, several gaps remain. First, many studies examine either
subjective wellness or biochemical markers in isolation despite the multifactorial nature of fatigue and recovery.
Accordingly, applied performance staff must interpret noisy, repeated, multidomain data collected under real-
world conditions (7,9). Second, biomarker studies often use heterogeneous sampling protocols, isolated
thresholds, or group-level comparisons that do not capture the individualized and longitudinal nature of athlete
responses (10,11). Third, relatively little is known about whether specific subjective recovery states, such as
high soreness, low energy, high anger, or persistent tiredness, are accompanied by disproportionate biomarker
deviations in elite basketball (7,8). Fourth, the extent to which these associations depend on acute competition
exposure remains uncertain. In basketball, minutes played provide an accessible but incomplete proxy for acute
match exposure. Athletes may report similar changes in recovery or fatigue despite experiencing different levels
of competition exposure; therefore, comparable subjective changes may be associated with different
physiological or biochemical responses in athletes who played heavy versus limited minutes. Finally, it remains
unclear whether integrated subjective-biomarker profiles differ between performance-readiness states in a way
that is useful for applied monitoring.

Therefore, the main aim was to explore whether recovery-related athlete-reported psychophysical states
corresponded to salivary biochemical patterns, acute competition exposure, and performance-readiness profiles
in elite basketball players during a competitive season. Accordingly, the specific objectives of the study were
to: (i) characterize the relationships among salivary biomarkers, athlete-reported recovery and affective states,
and game-performance variables, and examine differences in biomarker distributions across levels of athlete-
reported states; (ii) describe the frequency of biomarker abnormalities within prespecified high-risk athlete-
reported states using risk-enrichment analyses; (iii) compare biomarker profiles between fast and slow subjective
recovery phenotypes derived from post-game-to-recovery change scores; (iv) test whether subjective recovery
change scores were associated with salivary biomarkers after accounting for minutes played and repeated
observations within athletes; and (v) compare integrated psychobiophysical and biomarker profiles between
good and poor performance-readiness observations.



2. Methods
2.1 Design and Participants

The study involved 13 elite male basketball players competing in the Italian league (Pallacanestro Trieste
team), monitored over a 15-week period from January 13 to May 7, 2025. For each competitive week, data
collection was performed at two timepoints relative to the game: athlete-reported psychological and
physiological states were assessed post-game and again during the recovery phase (2—3 days after the match),
with this two-timepoint assessment repeated weekly across the entire 15-week season, resulting in a longitudinal,
repeated-measures dataset with up to two observations per athlete per week. Saliva samples were collected only
during the recovery-phase assessment. Not all athletes completed both assessments in every week, because of
injuries, or incomplete questionnaire or saliva sample collection; the final dataset therefore comprised fewer
than the theoretical maximum number of observations. Participants were aged 30 + 4 years (range: 20-36 years),
with a body mass of 93.2 kg + 8.8 kg (range: 80—109 kg) and a height of 198.7 cm + 9.5 cm (range: 183-213
cm). All participants provided informed consent, and the study was approved by the institutional ethics review
board in alignment with the WMA Declaration of Helsinki - Ethical Principles for Medical Research Involving
Human Participants.

The same athlete cohort and monitoring period were previously examined using a different salivary biomarker
panel and analytical framework (24). The present study addresses distinct research questions focused on
recovery-related subjective states, competition exposure, and performance-readiness profiles.

2.2 Data Collection

Saliva samples were collected on recovery days (2-3 days after the match day) using the passive drool
technique under standardized conditions. All samples were obtained in the morning, and participants were
instructed to refrain from food and fluid intake for at least 30 minutes prior to collection. Samples were stored
at -20°C until analysis.

23 Variables and Measurements

2.3.1 Subjective Recovery and Psychological Measures

Subjective recovery-related states were monitored using standardized questionnaires and numerical scales
to assess both psychological and physiological dimensions:

e Psychological States: Calmness, stress, and anger were assessed using standardized questionnaires, with
each variable rated on a 10-point Likert scale.

e Physiological States: Self-reported measures included sleep quality, tiredness, muscle soreness, and
energy level (each rated on a 1-10 numerical scale), as well as sleep duration (categorized into three
levels: less than 5 hours, 5—7 hours, and 7-9 hours).

e Composite Score: A comprehensive self-score was calculated by averaging the psychological and
physiological questionnaire variables after reverse-coding negatively oriented variables, including
stress, anger, tiredness, and muscle soreness, so that higher composite values consistently represented a
more favorable psychophysical state.

2.3.2 Biomarkers and Analytical Methods
Six salivary biochemical markers were selected to represent non-invasive, practically accessible indicators

across metabolic, muscular, and immune systems in applied athlete-monitoring settings. The specific
quantification methods were as follows:



e pH and ketones: quantified using paper-strip dry chemistry (MyFit Strip, USA).

e Immunoglobulin A (IgA): measured using a validated commercial ELISA kit (IgA saliva, DK0078;
Diametra, Italy).

e Uric acid, aspartate aminotransferase (AST), and creatine kinase (CK): quantified using an
automated clinical chemistry analyzer (BT-3500; Biotecnica Instruments S.p.A., Italy).

2.3.3 Workload and Performance Variables

Table 1 gives performance metrics (n = 25) extracted from official game statistics from LBA Italy. Minutes
played during competitive games were used as an indicator of acute competition exposure. Their specific role,
including participant selection, adjustment, interaction testing, and group classification, is described within the
corresponding statistical analyses. For the performance-profile analysis, players were classified into good and
poor performance-readiness groups based on the combined median splits of PIR/min and the self-reported score.

Table 1. Performance metrics extracted from official game statistics from LBA Italy.

Category Variable Description
Workload Minutes Played Total minutes played by a player during each official LBA Italy
game; used as an indicator of acute competition exposure. Players
with 0 minutes played were excluded from analyses involving
competition exposure.
Scoring Points Total points scored per game.
Shooting 2PT Made Successful two-point field goals.
Performance
2PT Attempted Attempted two-point field goals.
2PT % Two-point field goal percentage.
3PT Made Successful three-point field goals.
3PT Attempted Attempted three-point field goals.
3PT % Three-point field goal percentage.
FT Made Successful free throws.
FT Attempted Attempted free throws.
FT % Free-throw percentage.
Rebounding Offensive Number of rebounds secured in the offensive phase.
Rebounds
Defensive Number of rebounds secured in the defensive phase.
Rebounds
Total Rebounds Sum of offensive and defensive rebounds.
Ball Handling Assists Number of passes leading directly to a scored basket.
Turnovers Losses of ball possession.




Steals Possessions gained from opponents.

Defensive Blocks Given Successful blocked opponent shots.
Actions

Blocks Received Shots blocked by an opponent.

Fouls Fouls Committed Personal fouls committed.
Fouls Suffered Personal fouls drawn from opponents.
Efficiency Offensive Measure of offensive productivity and efficiency, calculated as
Metrics Efficiency Rating | OER = (Points Scored / Possessions) x 100.
(OER)
Performance Index | Composite performance metric provided by LBA Italy to evaluate
Rating (PIR) a player's total statistical contribution in a single game calculated
as the sum of a player's positive statistics minus their negative
statistics.
PIR/min Performance Index Rating normalized to minutes played; used to

classify players into performance groups.

Plus/Minus Team’s point differential recorded while a player is on court.

24 Statistical Analysis

Statistical analyses were performed using Python 3.12 software with the following packages: pandas,
NumPy, SciPy, statsmodels, and Matplotlib. Statistical significance was set at p < 0.05, and Holm’s correction
was applied to account for multiple comparisons. Given the exploratory nature of the analyses, emphasis was
placed on the magnitude and practical relevance of the observed effects in addition to statistical significance.

2.4.1 Descriptive statistics

Descriptive analyses were performed by calculating the mean, standard deviation, and range for quantitative
variables (psychophysical states, biomarker profiles, workload variables, and performance metrics), while the
categorical variable (sleep time) was summarized using frequencies and percentages.

2.42 Correlation analysis

Kendall's rank correlation coefficients (t) were calculated to examine monotonic associations within
and between the biomarker, psychological, and physiological domains. For these analyses, the dataset was
filtered to include only observations from recovery days, further restricted to athletes with active game
participation (minutes played > 0). Additionally, associations between biomarkers and performance metrics were
investigated. Circos plots were used to visualize associations among salivary biomarkers, psychological
variables, physiological variables, and cross-domain relationships (Figure 1A-D), with link thickness
representing the strength of Kendall's t correlation. Separately, a heatmap was used to show correlation between
salivary biomarkers and performance metrics (Figure 2).

2.4.3 Stratification analysis



Variables of interest were stratified into tertiles (low/medium/high), when possible, and compared across
groups using Kruskal-Wallis tests, with results visualized using boxplots (Figure 3, significant findings only).

244 Risk-enrichment Analysis

A risk-enrichment analysis was performed to examine the association between at-risk psychophysical states
and biomarker abnormalities. Trait-positive subgroups were defined using predefined thresholds, representing
either high-risk states characterized by elevated scores (e.g., soreness, anger, and tiredness > 7 and > 4) or high-
risk states characterized by reduced scores (e.g., calmness and energy < 3).Biomarker abnormalities were
assessed using within-sample standardized z-scores and classified as moderate positive deviations (z > 1.0) or
substantial positive deviations (z > 1.5), whereas negative deviations were defined as z <—1.0. Risk ratios (RR),
risk differences, and odds ratios (OR) were calculated by comparing trait-positive participants with (i) the global
event rate and (ii) the trait-negative event rate.

2.4.5 Recovery phenotype analysis

To quantify subjective recovery, delta scores (A = recovery score — post-game score) were calculated for
each questionnaire-derived variable, with athletes classified as "fast" and "slow recoverers" using a median-split
approach. Biomarkers showing the largest differences between recovery phenotypes were compared using
Mann—Whitney U tests. Results were presented as boxplots showing medians, interquartile ranges, and
individual observations (Figure 4).

2.4.6 Linear mixed model effects

To examine whether associations between subjective recovery changes and biomarkers depended on match
exposure (25), linear mixed-effects models were fitted with athletes as a random intercept. Three linear mixed-
effects models were fitted for each questionnaire parameter and biomarker combination. Prior to all of the model
fitting, recovery biomarker values were standardized as z-scores to facilitate comparison across biomarkers
measured on different scales. An unadjusted A-only model was first fitted, followed by a model adjusted for
minutes played and a model including a A score x minutes played interaction term. In the first two models, the
A-score coefficient () represented the expected change in standardized biomarker concentration associated with
a one-unit increase in questionnaire A score, before and after adjustment for minutes played, respectively. In the
interaction model, the interaction coefficient represented the change in the A score—biomarker association with
increasing minutes played. Match exposure was additionally categorized as Did Not Play (DNP; 0 min), Low
Minutes (0 < minutes < 23), or High Minutes (>23 min), and questionnaire A scores were compared across the
three groups using Kruskal-Wallis tests to determine whether subjective recovery changes differed according to
match exposure.

2.4.7 Analysis of variance (ANOVA and MANOVA) / Performance Group Analysis

Finally, to examine differences in psychobiophysical characteristics according to performance profile,
observations were classified into "good" and "poor" performance-readiness groups (based on PIR/min and self-
score relative to the median). Comparison was made using MANOVA, followed by univariate ANOVAs with
Holm correction. The repeated-measures nature of the data (nested within athletes) was accounted for when
interpreting the results.

Full details of the statistical procedures, formulas, and classification criteria are reported in Supplementary
Material and Methods.



3. Results

3.1 Descriptive characteristics of the dataset

Across 309 observations collected from 13 athletes over the 15-week monitoring period, the longitudinal
dataset captured substantial variability in psychophysical states and biomarker profiles. Descriptive statistics for
salivary biomarkers, athlete-reported psychological and physiological states, sleep duration, and game-
performance variables are presented in Tables 2 and 3. AST and CK showed the greatest inter-observation
variability among the salivary biomarkers, while most sleep-duration observations fell within the 5-9 h
categories. The 7-9 h category was the most frequent (152 observations; 49.2%), followed by 5-7 h (133
observations; 43.0%), whereas <5 h was reported in 17 observations (5.5%). Sleep-duration data were missing
for the remaining 7 observations (2.3%), corresponding to athlete-date observations for which the questionnaire
was not completed on that day.

Table 2. Descriptive statistics for biomarker, psychological and physiological variables. Values are presented as mean, standard
deviation and observed range.

Biomarker variable Mean Standard Deviation Observed range
Salivary pH 7.17 0.49 6.00 - 8.50
Salivary Uric Acid (mg/dl) 3.91 2.84 0.00 - 13.83
Aspartate aminotransferase (U/L) 29.76 32.99 0.00 - 209.00
Creatine kinase (U/L) 18.93 27.32 0.00 - 270.00
Ketones 1.88 1.87 0.00 - 8.00
Immunoglobulin A (mg/mL) 6.22 2.72 0.90 - 14.67
Calmness 6.78 2.26 1-10

Stress Level 3.06 1.75 1-9

Anger 2.72 1.78 1-9

Sleep quality 6.34 1.49 1-9
Tiredness 4.17 1.87 1-8

Muscle soreness 3.96 1.86 1-9

Energy level 6.12 1.66 1-10

Table 3. Descriptive statistics for performance metrics. Values are presented as mean and standard deviation.

Performance metric Mean Standard Deviation




Points 7.58 6.64
Minutes played 17.08 11.27
Personal Fouls 1.42 1.34
Personal Fouls Drawn 1.62 1.84
2 Point Field Goals Made 1.38 1.57
2 Point Field Goals Attempted 2.68 2.77
2 Point Field Goals % 35.86 35.57
3 Point Field Goals Made 1.19 1.45
3 Point Field Goals Attempted 3.05 3.12
3 point Field Goals % 25.13 27.68
Free throw made 1.17 1.82
Free throw attempted 1.62 2.23
Free throw % 2591 39.36
Offensive Rebounds 0.91 1.39
Defensive Rebounds 2.16 2.36
Total Rebounds 3.07 3.16
Blocks 0.14 0.40
Blocks Against 0.17 0.41
Turnovers 1.14 1.46
Steals 0.38 0.68
Assists 1.52 2.14
Offensive Efficiency Rating 0.77 0.57
Plus/minus -1.32 13.01
PIR 8.13 8.29
PIR/min 0.26 0.41

3.2 Associations and biomarker stratification
3.2.1 Correlation structure among significant variables

Initially, associations exclusively among the six salivary biomarkers were analyzed to establish
biochemical interdependencies (Figure 1A). The biomarker-only network showed several positive associations,
primarily involving CK, AST, uric acid, and ketones. The strongest association was observed between CK and
AST (t = +0.244). Overall, these findings suggest partial interrelationships among biomarkers associated with
metabolic strain, oxidative balance, or tissue-stress responses.

Within the psychological domain (Figure 1B), calmness was inversely associated with stress (t=-0.623)
and anger (t = -0.457), whereas stress and anger were positively associated with each other (t = +0.522),
indicating a coherent affective profile in which higher negative emotional states clustered together and were
opposed to calmness.

Within the physiological domain (Figure 1C), the correlation network suggested meaningful
associations among athlete-reported recovery and fatigue measures. The strongest positive associations were
observed between sleep-related variables (t = +0.560) and between tiredness and muscle soreness (t = +0.524).
Better sleep and higher energy were generally associated with lower tiredness and muscle soreness. Overall,
these associations support the internal consistency of the physiological self-report measures.
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Figure 1. Kendall circos plots of significant correlations. (A)Correlations among salivary biomarker only.
(B)Correlation among psychological variables only. (C)Correlation among physiological variables only. (D)Correlation
among physiological, psychological and biomarker variables. Only significant associations (p < 0.05) are shown. Red
links indicate positive correlations, blue links indicate negative correlations, and link width is proportional to the
absolute value of the correlation coefficient.

Finally, cross-domain relationships were examined to assess significant associations between
biochemical, psychological and physiological variables, although the overall pattern was small-to-moderate in
magnitude (Figure 1D). The clearest relationships emerged between psychological and physiological variables:
calmness was associated with greater energy and better sleep, whereas stress was associated with lower energy
and poorer sleep quality. Tiredness and muscle soreness were also positively associated with stress and inversely



associated with calmness. Significant links were also identified between physiological variables and salivary
biomarkers. The strongest relationship was observed between energy and salivary pH (1 = -0.246). No significant
associations between psychological variables and biomarkers were identified. Overall, these findings indicate
that salivary biomarkers captured only part of the athlete-reported physiological recovery, supporting the use of
a multidimensional monitoring approach rather than reliance on a single marker.

3.2.2 Associations between salivary biomarkers and game performance variables

The heatmap analysis (Figure 2) demonstrated several statistically significant but generally weak
Kendall correlations between salivary biomarkers and game-derived performance indicators. Salivary pH
displayed the most consistent pattern, with positive associations across several indicators of game involvement
and offensive performance. Its strongest relationships were observed with three-point field goals made, three-
point attempts, and three-point shooting percentage. In contrast, Uric acid, AST, and ketones showed several
negative associations with selected shooting, free-throw, turnover, and plus/minus variables. No clear pattern of
significant association was observed for CK or IgA. Overall, the magnitude of these associations was modest,
suggesting that salivary biomarkers were related to performance primarily as weak state-dependent correlates
rather than direct performance predictors.

Kendall T heatmap (Biomarkers vs Performance) | *if p < 0.05

Uric Acid - 0.085 -0.064 I. 0082 -0.073 -0.084 -0.037 0015 -0.014 .. 0004 0013 -0025 0001 (%0403 . 0.053 0.080 -0.021 0.039 0.2
pH I. -0.003 |0227% 0090 0103 0.056 . “;_vms 0109 ! 0053 0086  0.123 0035 03265 0025 0072
I ' - 0.1

AST- 0020 -0.001 0.018 -0.058 0063 -0.000 0.079 -0.075 -0.044 -0.061 . 0043 -0.046 -0012 0©042 0033 -0.036 0083 -0.072 0059 0.012
0.0

0.037 0045 -0.080 0102 -0.027 -0.049 D091 0096 -0.047 -0.057 -D.05S1 0025 -0.095 -0.062 0019 -0.047 0072 0038

Biomarkers
Kendall ©

CK- 0.009 0014 -0.005 [0:08"

IgA- 0011 -0.026 -0.003 | :0.071 -0.004 -0.035 -0.001 -0007 -0026 -0.055 -0.032 0077 -0.056 -0.022 -0.019 -0.058 -0.064 -0.006 -0.020 -0.051 -0.011 0.31 0.064

Ketones - 01078 -0.061 -0.072 0080 -0.049 -0.078 0013 0030 0028 -0.043 ll 0.059 -0.017 -0.048 -0.055 . 0,088 | -0.005 -0.033 -0.026 -0.033 . -0.2

& & & g & g Q@ oo & R
€ & & A P R A SR S S

Performance
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biomarkers. Statistically significant associations are marked with an asterisk (p < 0.05). Negative
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3.2.3 Stratification analyses according to subjective physiological and psychological states

Stratification analyses in Figure 3(A-I) further indicated that biomarker distributions differed across athlete-
reported recovery and affective states. Muscle-soreness tertiles (Figure 3A-D), CK, AST, Uric acid, and Ketones
differed significantly between groups. Effect sizes were generally small to moderate, and the distributions were
not consistently linear across increasing levels of the athlete-reported variables. Additional stratification analyses
showed that AST differed according to energy-level tertiles and stress tertiles (Figure E-F). In figures 3G-I,
Salivary pH also differed according to energy level, tiredness, and anger. Overall, the stratification analyses
identified biomarker-specific differences across selected athlete-reported physiological and affective states.
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Figure 3. Tertile stratification of muscle soreness, energy, tiredness, anger, and stress.

33 Risk enrichment within High-Risk athlete-reported states

Risk-enrichment analysis identified several combinations of subjective traits and biomarker abnormalities
associated with elevated relative risk compared with trait-negative observations (Table 4). Severe muscle
soreness (>7) was strongly enriched for low IgA, high AST, and both high and low ketones, with risk ratios
relative to trait-negative observations ranging from 4.31 to 5.05. Low energy (<3) was associated with
enrichment for high IgA and low ketones, while high anger (>7) was enriched for high IgA. Moderate-to-high
soreness (>4) was also associated with enrichment for low uric acid. These findings suggest that extreme self-
reported states may identify subgroups with disproportionate biomarker abnormalities, particularly involving
IgA, ketones, AST, and uric acid.



Table 4. Exploratory enrichment of biomarker abnormalities across psychophysical trait thresholds. Trait-positive subgroups were
defined using prespecified psychophysical cutoffs, corresponding to moderate (>4) or high/severe (>7) elevated states for traits in which
higher scores indicate a less favorable psychophysical status, and high-risk reduced states (<3) for traits in which lower scores indicate a
less favorable psychophysical status. Biomarker abnormalities were defined using within-sample z-score thresholds, with negative
deviations defined as z < —1.0, moderate positive deviations as z > 1.0, and substantial positive deviations as z > 1.5. Values represent
event rates in the trait-positive and trait-negative subgroups, together with the corresponding risk ratios (RR) and odds ratios (OR).

Trait Trait

Trait Biomarker iti i ¢ Global OR

threshold abnormality f:ts; Ve ?lg%a) fve  rate (RR)

Soreness>7  IgAz<-1.0 75.0% g (?;0 (14?54;? 13.12
Soreness > 7 Ketones z> 1.5 17.6% ?47;20) ?37;/20) 5.89
Soreness > 7 Ketones z<-1.0 17.6% ?47;2) ?37;/20) 5.89
Soreness > 7 ASTz=>1.5 27.3% (64330/1’) (736;/3) 5.85
Energy <3 IgAz>1.5 33.3% (93450/;) (939;/§) 5.61
Energy <3 Ketones z<-1.0 14.3% ?3 1:/2) ?37(:/;) 4.41
Anger > 7 IgAz>1.0 50.0% (1353120? (136(;‘:? 5.53
Soreness > 4 Uric acid z<-1.0 23.5% (731;/20) 15.5%(1.52) 3.87

34 Biomarkers differentiating Fast and Slow subjective recovery Phenotypes

Fast and slow recovery phenotypes, derived from post-game to recovery change scores, were differentiated
by selected salivary biomarkers. Figure 4 (A-D) shows the significant Mann-Whitney U test results comparing
recovery salivary biomarkers between fast and slow recovery groups. Median-split comparisons suggested that
different biomarkers were associated with different subjective recovery dimensions. For tiredness recovery,
salivary pH differed significantly between fast and slow recoverers (p = 0.0167), with the visual distribution
suggesting higher pH values among faster recoverers. For energy recovery, AST differed between groups (p =
0.0130), with slow recoverers showing a higher and more dispersed AST distribution. AST also differentiated
fast and slow recovery profiles for calmness (p = 0.0240) and anger (p = 0.0385). These findings indicate that
AST may be particularly informative for distinguishing slower recovery in psychological-energy dimensions,
specifically energy, calmness, and anger, whereas salivary pH may be more closely linked to perceived tiredness
recovery.
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Figure 4. Recovery biomarkers differentiating fast and slow recovery phenotypes
across questionnaire parameters. For each questionnaire parameter, the recovery
biomarker showing the strongest difference between fast and slow recoverers is displayed.
Fast and slow phenotypes were derived from post-game to recovery change scores.
Boxplots show median and interquartile range, with individual observations overlaid. P-
values are from two-sided Mann—-Whitney U tests.

3.5 Subjective Change Scores, Minutes Played, and Biomarkers

To further investigate the relationships between A scores (recovery minus post-game) and salivary
biomarkers, linear mixed-effects models were performed. These models were first tested using A scores alone,
then adjusted for minutes played and finally included a A x minutes interaction term to assess whether the
association varied according to match exposure (Table 5). For tiredness, the negative association with salivary
pH was borderline in the A-only model and became statistically significant after adjustment for minutes played.
No significant A x minutes interaction was found for pH. In contrast, significant interactions with minutes played
were identified for tiredness in relation to AST and uric acid. For calmness, a significant negative association
with ketones was observed in the A-only model, although this became borderline after adjustment for minutes
played. Significant A x minutes interactions were found for ketones and AST. A x anger showed significant
positive associations with ketones and CK in the A-only models. These relationships remained significant after
adjustment for minutes played for both ketones and CK. No significant A x minutes interaction was detected
for ketones while the interaction for CK approached significance, indicating that the relationships were largely
independent of playing time. Regarding energy levels, no significant associations were identified in the A-only
models. After adjustment for minutes played, borderline negative link was observed with AST and ketones.

Finally, questionnaire A scores did not differ significantly across minutes-played groups for tiredness,
calmness, anger, or energy level (Table 5). This suggests that the degree of subjective change from post-game



to recovery was not significantly different between athletes classified as DidNotPlayed, LowMinutes, and
HighMinutes.

Overall, the clearest adjusted associations involved tiredness A with salivary pH and anger A with ketones
and CK, whereas selected associations involving tiredness and calmness varied according to minutes played.
Questionnaire A scores did not differ significantly across the did-not-play, low-minutes, and high-minutes
groups.

Table 5. Associations between questionnaire delta scores and recovery biomarkers after accounting for minutes played. A was
calculated as recovery minus post-game. Results are shown for A only linear mixed-effects models, models adjusted for minutes
played and models including a A x minutes interaction term. The final column reports the p-value for differences in A score
across minutes-played groups (did not play, low minutes, high minutes).

. A across
Parameter  Biomarker 4 only, P Ac.ljusted for A X minutes, § (p)  minutes
() minutes, p (p)
groups, p
Tiredness H -0.101 -0.110 (0.046) 0.001 (0.780) 0.164
p (0.057) . . . . .
Tiredness AST 0.034 -0.032 (0.586) 0.013 (0.009) 0.164
(0.440) ' ' ' ) '
. . -0.015
Tiredness Uric acid -0.003 (0.954) 0.009 (0.035) 0.164
(0.778)
Calmness Ketones -0.105 -0.101 (0.057) 0.015 (0.013) 0.208
(0.035) . . . . .
-0.088
Calmness AST -0.094 (0.063) 0.012 (0.027) 0.208
(0.081)
Anger Ketones 0.174 0.171 (0.010) -0.008 (0.272) 0.768
g (0.011) . . . . .
Anger CK 0.162 0.166 (0.020) -0.016 (0.057) 0.768
£ (0.024) ' ' ' ' '
-0.101
Energy level AST (0.131) -0.129 (0.056) -0.006 (0.408) 0.534
-0.103
Energy level = Ketones (0.136) -0.117 (0.097) 0.005 (0.507) 0.534

3.6 Performance-readiness Profiles

Good- and poor-performance groups showed clearly differentiated psychobiophysical profiles (Figure 5). The
MANOVA performed on psychobiosocial direction scores demonstrated a significant multivariate group effect,
Wilks” A =0.3564, F(7, 97) = 25.0187, p <0.001, with a corresponding Pillai’s trace of 0.6436. In the raw-score
profile, the good-performance group reported higher sleep quality (7.19 + 1.09 vs. 5.58 £+ 1.51), higher energy
level (7.06 = 1.31 vs. 5.32 + 1.66), and greater calmness (8.27 = 1.86 vs. 5.17 £ 2.04) compared with the poor-
performance group. Conversely, the good-performance group reported lower tiredness (3.19 £ 1.44 vs. 4.57 +
2.00), stress (1.98 = 1.09 vs. 4.26 = 1.91), anger (1.98 £ 1.20 vs. 3.64 £ 2.16), and muscle soreness (2.96 + 1.40
vs. 4.64 £2.04).



Follow-up univariate ANOV As indicated that good performances-readiness observations were characterized by
greater calmness, lower stress level, better sleep quality, higher energy level, and less muscle soreness. Among
biomarkers, only salivary IgA also differed significantly between performance groups. The poor-performance-
readiness observations showed higher IgA concentrations than the good-performance group (7.55 vs. 5.57
mg/mL), with the ANOVA indicating a statistically significant group effect, F = 8.9367, uncorrected p = 0.0043,
Holm-corrected p = 0.0341. Thus, although better performance was associated with a more favorable subjective
recovery and psychological profile, it was accompanied by lower salivary IgA concentrations compared with
poor-performance observations.

Psychobiosocial raw scores by performance group IgA mag/ml

Mean score
Mean value

o N o 5 & of <5
o g @ & sy o 5
ge® o = < & 2

Figure 5. Mean (x SD) salivary IgA concentration in the good and poor performance groups.

4. Discussion

This exploratory longitudinal field study examined the relationships among salivary biomarkers, athlete-
reported psychological and physiological states, recovery phenotypes, and basketball performance indicators
across a competitive season. The main findings were that: (i) athlete-reported psychological and physiological
variables showed coherent within-domain recovery—fatigue patterns, while salivary biomarkers exhibited
significant but generally modest associations with athlete-reported states and game-performance variables;
biomarker distributions also differed across selected levels of soreness, energy, stress, tiredness, and anger; (ii)
severe soreness, low energy, and high anger were enriched for specific biomarker abnormalities, particularly
involving IgA, ketones, AST, and uric acid; (iii) salivary pH and AST differentiated fast and slow subjective
recovery phenotypes across different recovery dimensions; (iv) selected associations between subjective
recovery changes and biomarkers remained significant after adjustment for minutes played, whereas others
varied according to competition exposure; and (v) good-performance-readiness observations showed a more
favorable athlete-reported psychobiophysical profile, whereas poor-performance-readiness observations showed
higher salivary IgA concentrations..

Overall, these results support a multidimensional approach to athlete monitoring. Contemporary athlete-
monitoring frameworks emphasize that no single marker provides a definitive index of fatigue, readiness, or
adaptation; in this line, training and competition responses should be interpreted through the integration of
internal load, external load, self-report measures, performance indicators, and biological markers (4). The present
findings are consistent with this multidimensional monitoring framework (4), as salivary markers did not
uniformly explain athlete-reported measures. This is also consistent with evidence showing that athlete-reported
measures are sensitive to acute and chronic changes in athlete well-being and may be practical tools for routine
monitoring when integrated into broader athlete-management systems (9).



The association analyses showed coherent patterns within the athlete-reported psychological and
physiological domains, but only limited cross-domain relationships with salivary biomarkers. The absence of
strong direct correlations between psychological variables and biomarkers reinforces the need to avoid simplistic
psychophysiological interpretation. Biomarker associations with performance variables were also generally
weak. Salivary pH showed the most consistent positive relationships with shooting and game-involvement
indicators, whereas uric acid showed predominantly negative relationships with selected performance variables.
These associations may reflect shared exposure, redox balance, antioxidant responses, or metabolic strain rather
than direct effects on basketball performance. Accordingly, the biomarkers appeared to provide contextual
information rather than act as direct performance predictors (26,27).

The stratification analyses further showed that selected biomarker distributions differed across athlete-
reported recovery and affective states. Soreness tertiles differed significantly for CK, AST, uric acid, and
ketones; energy and stress tertiles differed for AST; and salivary pH differed across levels of energy, tiredness,
and anger. However, these patterns were biomarker-specific and were not consistently linear. In particular,
observations in the highest soreness tertile did not show the highest CK concentrations, differing from the pattern
that might be expected if perceived soreness directly reflected enzymatic evidence of muscle damage. This
finding may be explained by the different time courses of perceived muscle soreness and CK responses, as peak
CK concentrations and peak soreness do not necessarily occur at the same time after exercise (28).

The risk-enrichment analyses extended these findings by showing that selected adverse athlete-reported
states may function as practical screening flags for disproportionate biomarker abnormalities.
Muscle soreness emerged as one of the most informative athlete-reported signals. Severe soreness was enriched
for low IgA, high AST and both unusually high and unusually low ketones, while moderate-to-high soreness
was associated with low uric acid. The bidirectional ketone finding suggests greater metabolic heterogeneity
rather than a uniform increase or decrease in ketone concentrations. CK and AST are commonly interpreted as
indirect markers of exercise-induced muscle damage or tissue stress, but their responses are influenced by
exercise type, timing of sampling, muscle mass, training status, previous exposure to similar loads, individual
responder phenotype, and clearance kinetics (29). In basketball, soreness may arise from eccentric loading,
repeated jumping and landing, rapid decelerations, contacts, and localized muscle damage. Overall, severe
subjective soreness may help identify observations with a greater frequency of selected immune, enzymatic, and
metabolic biomarker abnormalities, particularly involving IgA, AST, and ketones. Moderate-to-high soreness
was also associated with low uric acid. However, these responses were heterogeneous and non-linear, and both
their direction and magnitude varied across biomarkers.
Low energy also emerged as an important monitoring signal. Observations with low energy were enriched for
high IgA and low ketones, suggesting that reduced perceived vitality may coincide with immune or metabolic
deviations. The association with IgA may indicate immune activation, accumulated strain, or salivary
concentration effects, whereas the association with low ketones should be interpreted cautiously because ketone
values are influenced by recent dietary intake, fasting duration, carbohydrate availability, and assay
characteristics. Thus, low energy should not be treated as a specific marker of metabolic insufficiency. Instead,
it may serve as a practical screening item indicating that the athlete’s recovery status requires closer contextual
evaluation, particularly when low energy coincides with biomarker deviations, poor sleep, high soreness, or
heavy recent match exposure. This interpretation is consistent with the literature on under-recovery and energy
availability. Some negative outcomes attributed to training overload may be related to under-fueling, Relative
Energy Deficiency in Sport (RED-S) or low carbohydrate availability(30). Under-fueling can lead to a
"maladapted state" characterized by hormonal perturbations and persistent fatigue (30,31). Therefore, the
association between low energy and biomarker abnormalities in the present study should not be interpreted as
evidence of a single metabolic mechanism, but rather as support for the use of athlete-reported energy ratings as
a low-burden screening tool within a multidimensional athlete-monitoring framework (10).
Anger provided additional information about the psychological dimension of recovery. High anger was enriched
for high IgA, suggesting that marked negative affect may coincide with selected immune alterations. However,
this pattern was less consistent than that observed for soreness and should not be interpreted as evidence of a



direct psychobiological mechanism. Anger may reflect psychological stress, competitive frustration, poor
recovery, external life stressors, or an individual emotional response to underperformance. Together, the
enrichment findings suggest that soreness, low energy, and high anger may help identify observations requiring
closer evaluation, but these states should be treated as broad screening signals rather than specific indicators of
a single underlying physiological process.

Fast and slow subjective recovery phenotypes were also differentiated by selected salivary biomarkers.
Salivary pH differentiated fast and slow tiredness recovery, whereas AST differentiated recovery in energy,
calmness and anger. Salivary pH may reflect hydration status, oral buffering capacity, diet, salivary flow, or
physiological stress, while AST is an indirect tissue-stress marker with substantial biological variability. These
findings therefore suggest that pH and AST may provide complementary information about different dimensions
of subjective recovery. However, their usefulness is more likely to lie in contextual longitudinal monitoring than
in the isolated interpretation of absolute values.

The mixed-effects findings further showed that biomarker—recovery relationships depended on both the
dimension of change in athlete-reported states and competition exposure, represented by minutes played. After
adjustment for minutes played, changes in tiredness were associated with salivary pH, while changes in anger
remained positively associated with ketones and CK. Changes in energy showed borderline negative associations
with AST and ketones after adjustment for minutes played. In addition, significant interactions with minutes
played were observed for tiredness in relation to AST and uric acid and for calmness in relation to ketones and
AST. The absence of a significant tiredness x minutes interaction for pH suggests that this association was not
primarily explained by playing time. Overall, these results indicate that the same subjective recovery change
may have different biochemical correlates depending on recent match involvement. Minutes played is an
imperfect workload metric because it does not capture accelerations, decelerations, contacts, positional role,
tactical responsibility, internal load, or travel-related fatigue; therefore, it should be interpreted as only a partial
indicator of competition exposure rather than a complete workload measure (7,32,33). Nevertheless, minutes
played remains a practical index of acute match involvement. These findings support a central practical
conclusion: biomarker dashboards should not classify values as simply “normal” or “abnormal” without
considering recent playing time, role demands, sport-specific context, and individual baseline history(34).

The performance-group findings provide a useful but preliminary link between monitoring variables and
competitive output. Good-performance observations were characterized by a favorable subjective profile,
including better sleep quality, higher energy and calmness, and lower tiredness, stress, anger, and soreness. The
role of sleep is particularly relevant, as sleep loss has been associated with impaired sport-specific performance,
altered physiological responses, immune dysfunction, and slower or less accurate cognitive performance in
athletes (35). In basketball, where repeated high-intensity efforts, decision-making, emotional regulation, and
technical execution interact, the combination of high energy and calmness with low stress and soreness may
reflect a favorable readiness state for game performance. The IgA results require careful interpretation because
they appear directionally complex. Poor-performance observations showed higher IgA than good-performance
observations, whereas severe soreness was enriched for low IgA. Rather than representing a contradiction, these
findings may reflect different biological contexts and the substantial intra- and inter-individual variability of
salivary IgA. Salivary IgA is a first-line mucosal immune marker and previous evidence in team sports has
linked salivary IgA with training load management and upper respiratory tract infection risk (10,23). In elite
athletes, reductions in salivary IgA have also been observed before upper respiratory infection episodes, although
absolute IgA concentration shows considerable variability (36). At the same time, systematic-review evidence
indicates heterogeneous findings and very low certainty of evidence regarding changes in salivary IgA
concentration after exercise (37). In this context, low IgA in severely muscle sore observations may indicate
reduced mucosal immune protection during periods of high strain, whereas higher IgA in poor-performance
observations may reflect a different acute context, such as immune activation, altered salivary concentration,
recent illness exposure, or oral health status, or individualized responses to cumulative stress.
The performance-group findings should nevertheless be interpreted cautiously because classification was based



on both PIR/min and self-score. Although this approach increases the contrast between groups, it also raises a
potential circularity concern because the subjective state partly contributes to group allocation. These results
should be presented as descriptive psychobiophysical profiling rather than as evidence that the measured
variables independently predict performance. Future models should test performance outcomes using
approaches that account for repeated observations within athletes and avoid embedding subjective state in the
performance-group definition.

Taken together, the present findings have several practical implications. First, the generally modest
associations across athlete-reported states, salivary biomarkers, and performance variables indicate that salivary
biomarkers should be interpreted as components of a multidimensional profile rather than as independent
diagnostic markers (4,7). Second, high soreness and low energy may be useful low-burden screening flags in
elite basketball monitoring, particularly when they coincide with deviations in IgA, AST, ketones, or uric acid.
Third, the differentiation of fast and slow subjective recovery phenotypes by salivary pH and AST suggests that
selected biomarkers may provide complementary information about recovery dynamics when interpreted
longitudinally. Fourth, minutes played and recent match context should be incorporated into biomarker
interpretation, because minutes played modifies associations between subjective change and biochemical state.
Fifth, integrated subjective, biochemical, and performance-readiness profiles may support contextual evaluation
of athlete status, although athlete-specific longitudinal baselines are likely to be more informative than universal
cutoffs, especially for markers such as CK, AST, IgA, pH, uric acid, and ketones, which show substantial
biological and methodological variability (34). Finally, due to the exploratory nature of the study, monitoring
outputs should be used to guide discussion, follow-up assessment, and recovery planning rather than to make
deterministic decisions about athlete readiness.

5. Limitations and Future Directions

This study was limited by the inclusion of a single elite male basketball team (n = 13), which restricts
generalizability and athlete-level statistical inference. Although 309 observations were collected, repeated
measurements were nested within athletes, and findings from exploratory observation-level analyses should be
interpreted with caution. Biomarker abnormality thresholds were derived from within-sample z-scores rather
than validated clinical or individualized cutoffs and therefore reflect relative deviations rather than diagnostic
abnormalities. Furthermore, salivary biomarkers are influenced by factors such as collection timing, hydration
status, oral health, dietary intake, illness, and salivary flow rate.

Subjective psychophysical status was assessed using a questionnaire adapted from the Profile of Mood States
(POMS) (38). Specifically, only selected variables considered relevant to the monitoring protocol (calmness,
anger, tiredness, and energy) were retained, while additional items assessing muscle soreness and sleep quality
were included. As this modified version does not correspond to the original validated POMS and has not
undergone formal psychometric validation (e.g., reliability and construct validity) in this population, its use
represents a methodological limitation. This may reduce the comparability of the present findings with studies
employing the complete and validated POMS or other standardized athlete-monitoring instruments.

Additional limitations include the use of median-based dichotomization for the performance-readiness
classification, the inclusion of the subjective composite score in group definition, the reliance on minutes played
as an incomplete proxy for competition exposure, and the observational design, which precludes causal
inference.

Future studies should replicate these findings in larger, multi-team cohorts using longitudinal mixed-effects
approaches and individualized monitoring thresholds. Incorporating detailed external- and internal-load metrics,
salivary flow and secretion rates, nutritional and hydration data, and objective performance measures may
improve interpretation of biomarker responses. Intervention studies are also warranted to determine whether
monitoring-informed recovery and workload-management strategies enhance athlete recovery and performance.



6. Conclusion

This exploratory 15-week field study suggests that selected athlete-reported recovery states align with
salivary and biochemical marker patterns in elite basketball players. High soreness, low energy were the clearest
subjective flags of biomarker abnormality, while salivary pH and AST differentiated distinct fast and slow
subjective recovery phenotypes. Mixed-effects models further showed that selected associations between
changes in athlete-reported states and salivary biomarkers remained after adjustment for minutes played,
whereas others varied according to competition exposure. Good- and poor-performance-readiness observations
also showed different integrated psychobiophysical profiles, although these findings should be interpreted
descriptively. Overall, these findings support multidimensional athlete monitoring but do not justify diagnostic
biomarker cutoffs or causal claims. For applied use and future research, the most defensible approach is to
interpret subjective states, biomarkers, and workload together, longitudinally, and relative to individual athlete
baselines.
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Supplementary Material and Methods

Correlation analysis

Kendall's rank correlation coefficients (t) were calculated to examine monotonic associations within and
between the biomarker, psychological, and physiological domains. For these analyses, athletes with 0 minutes
of playing time were excluded so that correlations were evaluated only among athletes who had participated in
the game. Additionally, associations between biomarkers and performance metrics were investigated.
Kendall's T was selected because of the limited sample size, and because several variables were ordinal, non-
normally distributed, or potentially affected by outliers. Correlations were visualized using circos plots for
within- and cross-domain associations (Figure 1) and heat maps for biomarker-performance associations
(Figure 2). Only statistically significant correlations were displayed in Figure 1.

Stratification analysis

For stratification analyses, variables of interest were divided into three ordered groups, when possible, using
tertiles to represent low, medium, and high levels. Physiological and psychological variables were stratified
and salivary biomarker concentrations were compared across these groups. Differences across groups were
evaluated using Kruskal-Wallis tests and group distributions were visualized using boxplots. This rank-based
non-parametric procedure was selected because variables were not assumed to be normally distributed, and
subgroup sizes were sometimes unequal. All combinations were tested; however, only statistically significant
findings are presented in Figure 3.

Risk-enrichment analysis

To investigate whether specific psychophysical states were associated with an increased prevalence of
biomarker abnormalities, a risk-enrichment analysis was performed. For each psychophysical variable, trait-
positive subgroups were defined using predefined thresholds representing either high-risk elevated states (e.g.,
soreness, anger, tiredness > 7 and > 4) or high-risk reduced states (e.g., calmness, energy < 3), while biomarker
abnormalities were defined using within-sample standardized scores (z-scores), calculated as follows:



X -
o

where X represents the observed biomarker value, p is the mean biomarker value across the dataset, and o is the
corresponding standard deviation.

Biomarker abnormalities were defined according to the magnitude and direction of standardized deviations.
Elevated biomarker events were identified using thresholds of z > 1.0 and z > 1.5, corresponding to moderate
and substantial positive deviations from the dataset mean, respectively. Reduced biomarker events were defined
as z < —1.0, representing biologically meaningful decreases relative to the population average. These thresholds
were selected to capture deviations exceeding approximately one standard deviation from the mean, a commonly
adopted criterion for detecting atypical physiological responses in athlete monitoring research. Event rates, risk
ratios (RR), risk differences, and odds ratios (OR) were calculated by comparing trait-positive participants with
(i) the global event rate and (ii) the trait-negative event rate. Values greater than 1.0 or 1.5 indicated an increased
likelihood of biomarker abnormalities within the psychophysical subgroup, whereas values less than 1.0
indicated a reduced likelihood.

Recovery phenotype analysis
To quantify subjective recovery, delta scores (A) were calculated for each questionnaire-derived variable as
follows:

A = Recovery score — Post-game score

The post-game score was the value reported by the athlete after a competitive game, whereas the recovery score
was the value reported by the same athlete 2—3 days after that game. Thus, A represented the within-athlete
change in each questionnaire variable from the immediate post-game assessment to the subsequent recovery-
phase assessment. Positive or negative A values were interpreted according to the directionality of the construct.
For variables in which lower scores reflected improvement (e.g., tiredness, anger), more negative A values
indicated greater recovery, whereas for variables in which higher scores reflected improvement (e.g., energy
level, calmness), more positive A values indicated greater recovery. For group-based analyses, athletes were
categorized into fast and slow recoverers using a median-split approach applied to the A scores. Observations
showing greater improvement than the median value were classified as fast recoverers, whereas those exhibiting
less improvement than the median were classified as slow recoverers. Biomarkers demonstrating the largest
differences between recovery phenotypes were compared using two-sided Mann—Whitney U tests. Results were
presented as boxplots showing medians, interquartile ranges, and individual observations.

Linear mixed-effects models

To examine whether associations between subjective recovery changes and biomarkers depended on match
exposure %, linear mixed-effects models were fitted with athletes as a random intercept. Three linear mixed-
effects models were fitted for each questionnaire parameter and biomarker combination, in three steps. Prior to
all model fitting, recovery biomarker values were standardized as z-scores to facilitate comparison across
biomarkers measured on different scales. Consequently, model coefficients () represented the expected
change in standardized biomarker concentration associated with a one-unit increase in questionnaire A score.
For each questionnaire—biomarker combination, an unadjusted A-only model was first fitted, followed by a
model adjusted for minutes played and a model including a A score X minutes played interaction term.

A-only model

Firstly, an unadjusted A-only linear mixed-effects model was fitted to examine whether the magnitude of
change in each questionnaire parameter was associated with recovery biomarker concentrations. In this model,
the previously calculated questionnaire A score was included as the only fixed-effect predictor, and athlete was



included as a random effect to account for repeated observations within athletes. This model was expressed in
simplified form as:

Recovery biomarker z-score = PA(A score) + athlete random effect

The BA coefficient from this model represented the association between the questionnaire A score and the
standardized recovery biomarker concentration before adjustment for match exposure.

Model adjusted for minutes played

Secondly, minutes played were added as a continuous covariate to account for differences in match exposure
and workload. This model examined whether the association between questionnaire A scores and recovery
biomarker concentrations remained after adjustment for playing time. This model was expressed in simplified
form as:

Recovery biomarker z-score = PA(A score) + fmin(minutes played) + athlete random effect

The PA coefficient from this model represented the association between subjective recovery change and
standardized recovery biomarker concentration after accounting for minutes played.

Model with A X minutes played interaction term

Thirdly, a A X minutes played interaction model was employed to assess whether the relationship between
subjective recovery change and biomarker concentration varied according to playing time. This model was
fitted as follows to determine whether the association between questionnaire A scores and recovery biomarker
concentrations varied according to playing time:

Recovery biomarker z-score = PA(A score) + fmin(minutes played) + pint(A score x minutes played) +
athlete random effect

For this interaction model, the B coefficient of the A score x minutes played term represented whether the A
score—biomarker association changed with each additional minute played.

Match exposure was also examined using categorical classifications. Athletes were categorized as Did Not Play
(DNP) if they recorded 0 minutes and Played if they accumulated more than 0 minutes of game time. Playing
time was also divided into Low Minutes (0 < LM < 23.0) and High Minutes (HM > 23.0) groups based on the
median playing time (23.0 minutes) among athletes who participated in competition. Differences in
questionnaire A scores across the three minutes-played groups were evaluated using Kruskal-Wallis tests. This
analysis was used to determine whether subjective recovery changes differed according to match exposure.

Analysis of variance (ANOVA and MANOVA) / Performance group analysis

To examine differences in psychobiophysical characteristics according to performance profile, observations
were categorized into good- and poor-performance readiness groups based on PIR/min and self-score. PIR/min
was used as an objective performance metric, whereas self-score reflected the athlete's subjective perception.
For each variable, the median value was used as the classification threshold. Observations with both PIR/min
and self-score above the median were classified as good performance, whereas observations with both
PIR/min and self-score below the median were classified as poor performance. Observations with discordant
classifications, in which one measure was above and the other below its median, were excluded from the
group-comparison analyses to maximize the distinction between performance profiles. Differences in the
overall psychobiophysical profile between good- and poor-performance-readiness observations were examined
using multivariate analysis of variance (MANOVA), which accounted for correlations among the dependent
variables. Follow-up univariate ANOVAs were then performed to examine group differences in individual



athlete-reported variables and salivary biomarkers. To control for multiple comparisons, Holm-adjusted p-
values were calculated.

Because repeated observations were collected from the same athletes across the competitive season, observations
were not fully independent and were nested within players. Where possible, conclusions were prioritized from
models that accounted for within-athlete clustering.
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