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Abstract. This study proposes and evaluates a machine learning-based approach for
forecasting athletes’ readiness one week ahead to support coaching decisions on training-load
management. A secondary analysis was conducted using an open dataset from a 12-week
controlled study involving 48 competitive table tennis players. Weekly monitoring data included
training load, session RPE, ACWR, training monotony and strain, heart-rate variability, resting
heart rate, sleep, fatigue, stress, soreness, wellness, and current readiness.

Four forecasting models - Elastic Net, Random Forest, XGBoost, and a multilayer
perceptron - were evaluated using athlete-grouped nested cross-validation. Raw monitoring
indicators were compared with personalised temporal features incorporating week-to-week
changes, three-week moving averages, and athlete-specific deviations. Model interpretation was
performed using out-of-fold SHAP analysis, and temporal validation was used to assess
generalisation to later phases of the training programme.

The best monitoring-based model was Random Forest with personalised temporal features,
achieving MAE = 0.835, RMSE = 1.039, and R? = 0.152. Differences between algorithms were
small, while personalised temporal features provided only modest improvement over raw
indicators.

The results show that weekly monitoring data can provide a modest but interpretable forecast
of next-week readiness. The proposed approach can support coaches by identifying athletes at risk
of reduced readiness while preserving professional judgement in training-load decisions.

Keywords: decision support system, training load, machine learning, multilayer perceptron,
athlete monitoring, training personalization.

Introduction. In modern high performance sports, the effectiveness of long-term and
ongoing training is largely determined by the quality of training load management - the coach's
ability to timely and reasonably adjust the volume, intensity and focus of training activities in
accordance with the current functional state of the athlete. Errors in load dosing, both its
insufficiency and redundancy, lead to a decrease in the effectiveness of training, the development
of chronic fatigue and an increase in injuries [1, 2].

Since the mid-2010s, the so - called «training-injury prevention paradox», formulated by T.
Gabbett, has been actively discussed in sports science: high training loads simultaneously increase
the level of fitness and the risk of injury, while low loads reduce the risk of injury, but do not
provide the necessary increase in physical fitness [2]. To quantify this balance, an indicator of the
acute-chronic load ratio (Acute: Chronic Workload Ratio, ACWR) [3, 4], which has become
widely used as one of the basic indicators in consensus recommendations for monitoring athletes
[1, 9]. At the same time, subsequent systematic reviews and meta-analyses have shown a high
methodological heterogeneity of ACWR studies and the ambiguity of its predictive value, which
indicates the need for more comprehensive, multifactorial approaches to assessing an athlete's
readiness [10, 11].

The development of wearable sensors, GPS tracking systems, and heart rate and heart rate
variability (HRV) monitoring technologies has led to a dramatic increase in the volume and
heterogeneity of data available to coaches and sports professionals [14, 17]. Traditional approaches
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such as the construction of fixed thresholds (for example, the "green zone" ACWR 0.8—1.3) and
visual analysis of time schedules do not always allow for taking into account the individual
characteristics of an athlete, the mutual influence of multiple variables and the nonlinear nature of
the relationship between exercise, recovery and outcome [1, 12]. This generates a request for
intelligent decision support systems (DSS) capable of automatically analyzing multidimensional
monitoring data flows and forming personalized, interpretable recommendations for the coach [13,
37, 38].

Literature Review. Monitoring of the training process is regarded in contemporary sports
science as one of the key tools for managing athletes’ preparation. Studies distinguish between
external load, which characterizes the objectively measurable volume of physical work performed,
and internal load, which reflects the physiological and subjective response of the body to training
stimuli [1]. It has also been shown that athletes may respond differently to comparable training
loads, which highlights the need for an individualized approach to assessing training status [6-8].

Considerable attention has been paid to the acute:chronic workload ratio (ACWR), which is
used to assess the balance between current and accumulated training loads [2-5]. At the same time,
research indicates that relying on a single indicator does not provide sufficient reliability for
assessing functional status and the risk of adverse outcomes. Current recommendations therefore
consider training load as a multifactorial process that also depends on physiological condition,
recovery, and psychosocial factors [9-11].

Accordingly, recent studies increasingly focus on comprehensive monitoring that integrates
training-load indicators, heart rate variability (HRV), heart rate, fatigue, recovery, and athletes’
subjective well-being [14, 17, 35].

Research findings support the need to move from standardized training programs toward
individualized load management. It has been shown that the use of HRV and indicators of current
functional status makes it possible to adapt training intensity to an athlete’s individual response
and, in some cases, to achieve comparable or greater improvements with lower perceived exertion
[32-35].

Another important research direction concerns the assessment of recovery, fatigue, and
athletes’ readiness for subsequent training loads. Studies have shown that predicting these states
requires the simultaneous consideration of physiological, training-related, and subjective
characteristics, since each individual indicator has limited informative value when considered
separately [15-17]. Research also confirms the importance of analyzing temporal dynamics, as an
athlete’s current state is influenced by training load and recovery during previous periods [22, 27,
28].

Thus, the contemporary concept of athlete monitoring is gradually shifting from the
assessment of isolated indicators toward the development of a comprehensive individual athlete
profile that reflects the dynamics of training load and recovery.

The increasing volume of data generated by wearable devices and monitoring systems has
led to the active use of artificial intelligence and machine learning in sports analytics. EXxisting
studies address a wide range of tasks, including the prediction of injury risk, fatigue, recovery,
functional status, and sports performance [12-17, 21-28].

Review studies indicate that intelligent data analysis is particularly valuable when working
with multidimensional datasets that require the simultaneous consideration of training load,
physiological parameters, recovery indicators, and individual athlete characteristics [12-14]. At
the same time, the resulting predictions are generally regarded as complementary tools for
specialists rather than as substitutes for professional coaching decisions.

A number of studies have demonstrated the possibility of identifying complex relationships
between training load and subsequent athlete status that are difficult to detect using fixed threshold
values or visual analysis of individual indicators [16, 21, 22, 24-28]. At the same time, researchers
emphasize the need for interpretable predictions and for assessing the robustness of predictive
models across different athletes and sports disciplines [12—14].
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Therefore, an important direction of current research is not only the prediction of an athlete’s
condition, but also the transformation of analytical results into information that is understandable
and practically useful for coaches in managing the training process.

Recent studies also demonstrate the development of decision support systems aimed at
assessing athletes’ condition, planning the training process, and generating personalized
recommendations [20, 36—38]. Such systems make it possible to integrate monitoring data, assess
an athlete’s current state, and provide additional analytical information to support decisions related
to training load and recovery.

At the same time, the analysis of existing publications reveals several persistent limitations.
A substantial proportion of studies focus on predicting injury risk [21, 22, 24-28], whereas short-
term prediction of athletes’ functional readiness and the direct use of such predictions to support
coaching decisions remain less extensively investigated. In addition, many studies examine
individual load or recovery indicators separately, while the combined analysis of their temporal
dynamics and athlete-specific deviations remains insufficiently explored [12-17, 32-35].

Personalization of athlete monitoring represents another important challenge. Despite the
well-established inter-individual variability in physiological responses to training load [6-8],
many studies rely primarily on absolute indicator values, whereas changes relative to an athlete’s
own baseline may provide additional information about their current functional state.

Therefore, there is a need to develop an approach that integrates training-load and recovery
data, accounts for their temporal dynamics and individual athlete characteristics, and enables the
prediction of readiness for the subsequent training period. Addressing this problem can provide a
methodological basis for intelligent decision support in the management of athletes’ training load
[36-39].

Materials and methods. The study is a secondary analysis of the open dataset
Individualized physical conditioning based on training monitoring in table tennis players (Zenodo
record 21343993, CC-BY 4.0) [39]. The dataset originates from a 12-week randomized controlled
trial involving 48 competitive table tennis players (EG n = 24; CG n = 24), each completing three
training sessions per week. The experimental group followed an individualized conditioning
programme guided by HRV and wellness monitoring, whereas the control group maintained
standard training. The dataset contains 576 athlete-weeks and 1,728 individual training sessions.

Weekly monitoring included session RPE, weekly training load, training monotony, training
strain, ACWR, HRV (rMSSD), resting heart rate, wellness score, sleep duration, fatigue, stress,
readiness, and muscle soreness. Demographic, training-history, and pre/post performance
variables are also available; however, only weekly monitoring data were used in the present
forecasting task. No missing values were reported. Table 1 summarizes the variables included in
the analysis.

Table 1. Weekly monitoring indicators (576 athlete-weeks; 48 athletes x 12 weeks).

Indicator Unit EG, mean | CG, mean | Range ICCathlete r (all) r (EG) r (CG)
(SD) (SD)

Load AU 1269.10 1324.92 623.0— 0.03 +0.16 +0.24 -0.01
(280.57) | (87.25) 1758.0

ACWR ratio 1.00 1.00 0.5-1.3 0.00 +0.06 +0.05 +0.04
(0.20) (0.05)

Monotony | a.u. 4.47 7.81 1.1-104.2 | 0.13 -0.10 -0.11 -0.05
(3.47) (7.47)

Strain AU 6033.86 10323.14 | 758.0— 0.13 -0.09 -0.09 -0.05
(5072.31) | (9791.03) | 135517.0

SRPE CR-10 6.03 5.31 3.4-1.7 0.18 +0.21 +0.23 -0.01
(1.06) (0.30)

HRV ms 71.95 65.32 46.3-92.0 | 0.24 +0.04 -0.06 +0.05
(7.25) (7.00)

11



RHR bpm 57.08 58.07 44.0-72.0 | 0.08 -0.12 -0.09 -0.14
(4.76) (4.71)

Wellness 0-28 20.07 18.58 12.7-25.0 | 0.15 +0.07 +0.02 +0.04
(2.24) (2.26)

Sleep h 7.53 7.12 5.2-9.4 0.15 +0.00 -0.10 +0.03
(0.70) (0.65)

Fatigue 1-10 5.18 4.98 1.6-10.0 | 0.04 -0.20 -0.30 -0.11
(1.49) (1.50)

Stress 1-10 4.62 4.44 1.3-7.6 0.08 -0.04 -0.10 +0.00
(1.08) (1.02)

Soreness 1-5 2.28 2.82 1.0-4.8 0.19 -0.07 +0.04 -0.09
(0.66) (0.70)

Readiness | 1-10 6.94 6.63 3.3-10.0 | 0.07 +0.25 +0.35 +0.07
(1.18) (1.02)

Programme | 1-12 — — — — +0.42 +0.48 +0.37

week

Let the state of athlete i in week t be described by the vector of the 13 weekly monitoring
indicators
Xi,t = {L,M,S,ACWR,sRPE,HRV,RHR,W, Sleep, Fatigue, Stress, Soreness, R}i, t

(1)

where L is the weekly training load, M the training monotony, S the training strain, W the
composite wellness score and R the current readiness. The forecasting task is
Ri,t+1 = F(Xi,t,Xi,t —1,...Xi,t —k)  (2)

I.e. a one-step-ahead (one-week) forecast of readiness from the current and k preceding
weekly state vectors.
To account for inter-individual variability, each indicator was additionally expressed relative
to the athlete's individual historical profile.
Di,tx = (xi,t — pi,<tx) /o, <t 3)

where pi,<t and oi1,<t are the mean and standard deviation of indicator x for athlete i over
weeks 1...t. Thus, each indicator was represented by its current value, individual deviation, week-
to-week change, and recent temporal average. For 13 monitoring indicators, this produced 52
features. The final modelling dataset contained 432 athlete-week observations. Because the three-
week moving average requires three weeks of history, modelling started at week 3 and predicted
weeks 4-12, resulting in nine forecasts per athlete (48 x 9 = 432).

Table 2. Feature sets used in the ablation study.

Feature set n Features
A — Load only 5 Load, ACWR, Monotony, Strain, SRPE
B — Recovery only 7 HRV, RHR, Wellness, Sleep, Fatigue, Stress, Soreness

C — Multimodal (raw) 13 Load, ACWR, Monotony, Strain, SRPE, HRV, RHR, Wellness, Sleep,
Fatigue, Stress, Soreness, Readiness

D — Personalised 52 All 13 raw indicators of C plus A(-), MA3(+) and individual z(-) of each
temporal
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D + Context 54 Feature set D plus programme week index (1-12)
(supplementary)

Four models were compared: Elastic Net as an interpretable linear baseline, Random Forest
regression, XGBoost, and a multilayer perceptron (MLP). Random Forest and XGBoost used 300
trees/boosting rounds, while the MLP was trained with ReLU activations, Adam optimisation, and
L2 regularisation. Because training monotony and strain were strongly right-skewed, they were
log(1 + x)-transformed, and all features were standardised within the training fold.

To avoid leakage between repeated observations of the same athlete, evaluation used athlete-
grouped cross-validation. The 48 athletes were divided into eight folds, with all observations from
a given athlete assigned to the same fold. The procedure was repeated three times, producing 24
held-out folds. Hyper-parameters were selected using nested 3-fold grouped cross-validation
within each training set.

A complementary temporal validation trained the models on target weeks 4-9 and evaluated
them on weeks 10-12, providing a stricter test of generalisation to later phases of the training
programme. Performance was compared with three naive baselines: persistence, the global
training-fold mean, and the athlete-specific expanding mean of readiness.

Forecast quality is quantified with the mean absolute error, the root-mean-square error and
the coefficient of determination:

MAE = (1/n) £ |yi — §il, RMSE = VJ[(1/n) Z (vi — $i)2], R2

=1-2Wi —9D2/2@yi =92 (5)

MAE was used as the primary metric because it directly represents the average prediction
error on the 10-point readiness scale. RMSE and R?were reported as complementary measures.

Model configurations were compared using paired per-athlete MAE values. For each
comparison, the mean paired difference, 95% confidence interval, Cohen’s d,, and paired
significance tests were reported.

To assess the contribution of different indicator groups, four feature configurations were
compared (Table 2): load only, recovery only, multimodal raw, and personalised temporal. The
latter includes raw indicators together with week-to-week changes, three-week moving averages,
and individually normalised deviations. This comparison was used to determine whether
personalised temporal features improve forecasting performance over raw indicators and to
identify which indicator groups contribute most to the prediction.

For the best-performing non-linear model on feature set D, SHAP values were calculated on
out-of-fold predictions to ensure that explanations were generated only for athletes not used during
model training. Global feature importance was defined as the mean absolute SHAP value:

Importance(xj) = (1/N) Xi=1..N |SHAPij| (6)

SHAP analysis was used to identify the most influential predictors, determine the direction
of their effects, and provide individual explanations of predicted readiness.

The experimental evaluation consisted of three stages. First, four forecasting models were
compared to identify the most accurate approach for predicting next-week readiness. Second,
several feature configurations were evaluated to determine whether personalised temporal
information improves prediction quality compared with raw monitoring data. Finally, the best-
performing non-linear model was interpreted using SHAP analysis to identify the main factors
influencing the forecast and to provide individual-level explanations.

Results. Readiness averaged 6.78 = 1.11 on the ten-point scale. Most variation in readiness
and the monitoring indicators occurred within athletes across weeks rather than between athletes.
Associations between individual week-t indicators and next-week readiness were generally weak

13



(absolute r < 0.25), while programme week showed the strongest association with subsequent
readiness (r = 0.42).

Figure 1 illustrates the expected contrast in periodisation between the experimental (EG) and
control (CG) groups. Readiness increased during the final weeks of the programme, while the EG
showed larger planned changes in training load and ACWR.

A B c

Readiness (1-10)

HRV rMSSD (ms)
|

Weekly load (AU)

ACWR
Fatigue (1-10)
Sleep (h)

Figure 1. Group-mean weekly trajectories (x95% CI) of readiness (A), HRV rMSSD (B),
weekly training load (C), ACWR (D), fatigue (E) and sleep (F) over the 12-week programme in
the experimental (EG) and control (CG) groups.

Table 3 and Figure 2 summarise the grouped cross-validation. The naive references set the
scale of the problem: persistence gave MAE = 1.093 £ 0.142, the athlete's expanding mean 1.004
+ 0.114 and the global training mean 0.917 + 0.075.

All learned models on the multimodal feature sets (C and D) improved on these references.
Within the ablation sets the best configuration was RandomForest on feature set D (MAE = 0.835
+0.079, RMSE = 1.039, pooled R2 = 0.152). Against persistence its paired per-athlete advantage
was 0.259 points (95% CI 0.191 to 0.326; dz = 1.10; better in 88% of athletes; p < 0.001), against
the global mean 0.082 points (95% CI 0.034 to 0.130; dz = 0.50; better in 67% of athletes; p =
0.001) and against the personal mean 0.169 points (p < 0.001).

Table 3. One-week-ahead readiness forecasting on personalised temporal features (set D)
and naive baselines.

Model MAE RMSE R2
Elastic Net 0.856 + 0.072 1.059 + 0.079 0.120
Random Forest 0.835+0.079 1.039 £ 0.084 0.152
XGBoost 0.845 + 0.085 1.056 £+ 0.098 0.122
MLP 0.854 + 0.069 1.058 £ 0.073 0.122
Persistence 1.093 £0.142 1.356 + 0.159 -0.454
Personal expanding 1.004 £ 0.114 1.230+£0.118 -0.191
mean

Global training mean  0.917 £ 0.075 1.131 £ 0.086 -0.004
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Figure 2. MAE across feature configurations and algorithms

Feature set D reduced MAE relative to the raw multimodal set C for 4 of the four algorithms,
but the reductions were small — ElasticNet: -0.004 [-0.021, +0.013], dz = -0.07, D better in 48%
of athletes, p = 0.647; RandomForest: -0.018 [-0.045, +0.009], dz = -0.19, D better in 60% of
athletes, p = 0.188; XGBoost: -0.031 [-0.063, +0.002], dz = -0.28, D better in 58% of athletes, p =
0.062; MLP: -0.014 [-0.031, +0.004], dz =-0.23, D better in 58% of athletes, p = 0.122 — and no
confidence interval excluded zero.

The supplementary configuration D + Context (Table 4; rightmost group in Figure 2)
produced the largest improvement observed in the study. Temporal validation revealed a clear
distribution shift. Models based only on monitoring variables systematically under-predicted
readiness during weeks 10-12 and did not outperform the persistence baseline. Adding programme
context reduced this bias; the context-aware Elastic Net achieved the lowest MAE (0.749). These
results indicate that monitoring-only models did not fully generalise across a change in training
phase.

Table 4. Compact ablation summary (best-performing algorithm within each feature set).

Feature set Best model MAE R2

A — Load only Random Forest 0.846 0.110
B — Recovery only Elastic Net 0.890 0.050
C — Multimodal raw  Random Forest 0.853 0.125
D — Personalised Random Forest 0.835 0.152
temporal

D + Context Elastic Net 0.771 0.266

(supplementary)

Table 5. Temporal hold-out summary for the most informative configurations.

Model Features MAE R2 Bias

XGBoost C — multimodal 1.109 -1.075 +0.892
raw

Elastic Net D — personalised  1.110 -1.007 +0.941
temporal
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Elastic Net D + Context 0.749 -0.004 +0.182
Persistence — 1.086 -1.047 +0.110

The temporal hold-out (Figure 3) exposed the limit of the monitoring-only models. When
trained on target weeks 4-9 and applied to weeks 10-12, every model without programme context
was worse than persistence: MAE 1.109-1.203 for feature set C and 1.110-1.179 for feature set
D, against 1.086 for persistence, 1.123 for the personal expanding mean and 1.164 for the global
training mean. The failure was a systematic bias rather than added noise: the mean residual of the
D-models was +0.84 to +1.03 points, i.e. the models under-predicted readiness by about one point
throughout the taper, because the training weeks did not contain the higher readiness level of the
taper weeks (mean 7.6). Persistence, which simply carries forward the athlete's latest value, tracked
the shift (bias +0.11). All R2 values were strongly negative because the variance of readiness

within the three taper weeks is small relative to the squared bias.
A B

w
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Figure 3. Temporal hold-out.

Out-of-fold SHAP analysis of the Random Forest model on feature set D showed that the
forecast relied mainly on recent temporal trends. The most influential predictors were the three-
week mean of SRPE (18.3% of total attribution), fatigue (10.4%), ACWR (5.3%), current readiness
(5.2%) and training load (4.6%). Three-week moving averages accounted for 56.5% of total model
attribution, compared with 18.3% for personalised deviations, 13.9% for raw values and 11.3%
for week-to-week changes.

Load and recovery indicators contributed 45.9% and 42.3% of total attribution, respectively,
while current readiness contributed 11.8%.

Table 6. Leading predictors of next-week readiness in the Random Forest model (feature

set D).
Rank Feature Mean |SHAP| Share
1 MA3(sRPE) 0.190 18.3%
2 MAS3(Fatigue) 0.107 10.4%
3 MA3(ACWR) 0.055 5.3%
4 Readiness 0.054 5.2%
5 MAZ3(Load) 0.048 4.6%
6 z(Readiness) 0.042 4.0%
7 MAS3(Monotony) 0.039 3.8%
8 MA3(RHR) 0.037 3.6%
9 z(Fatigue) 0.032 3.1%
10 MA3(Soreness) 0.024 2.4%
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Figure 4. SHAP summary for the RandomForest model on feature set D.

Feature valus (low — high)

The SHAP dependence plots in Figure 5 provide a more detailed view of how the leading
predictors influenced the model output. Higher three-week mean fatigue and ACWR were
generally associated with lower predicted readiness, whereas higher current readiness and its
personalised deviation were associated with higher forecasts. The effects of SRPE and training
load were more nonlinear, reflecting changes across different phases of the training programme.
Overall, these patterns confirm that the model relied not only on the current values of the indicators

but also on their recent temporal dynamics.

SHAP value

SHAP value

Readiness

SHAP value

SHAP value

MA3(Fatigue)

SHAP value

T
1.00

.
1.05 (
MA3(ACWR)

SHAP value

MA3(Load)
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Figure 5. SHAP dependence plots for the six most important features. Points are athlete-
weeks; the orange line connects the mean SHAP value within feature-value octiles.

Figure 6 illustrates how the importance of the leading predictors varied across individual

athletes. Load-related features showed greater between-athlete variability, partly reflecting
differences between the experimental and control training programmes. In contrast, recovery-
related indicators, particularly fatigue and resting heart rate, showed more consistent contributions
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across athletes. These findings suggest that the relative importance of training-load indicators is
more dependent on the training context, whereas several recovery indicators provide a more stable
signal across individuals.

L]
1]

Athlete
Mean |[SHAP| within athlete

]
1
il
I

Mean |SHAP| within athlete

Figure 6. Between-athlete heterogeneity of the drivers of readiness.

Discussion. This study examined whether weekly training-load and recovery indicators can
be used to forecast athletes’ readiness for the following week and whether personalised temporal
features improve prediction accuracy. The best model achieved an MAE of 0.83 points on the 10-
point readiness scale and explained approximately 15% of the variance, indicating that next-week
readiness is predictable, although only to a moderate extent.

Differences between the four learning algorithms were small, suggesting that model
complexity was less important than the information contained in the input features. Personalised
temporal features produced only modest improvements over raw multimodal indicators and did
not clearly outperform load-only features. The main predictive signal was therefore associated
with recent training-load dynamics rather than with athlete-specific normalisation alone.

The temporal validation revealed an important limitation. Models trained only on monitoring
variables systematically under-predicted readiness during the taper phase, whereas the inclusion
of programme context substantially improved performance. This indicates that readiness depends
not only on physiological and subjective monitoring indicators, but also on the planned phase of
the training programme. Consequently, training context should be considered explicitly when
developing forecasting systems for practical use.

SHAP analysis supported this interpretation. The most influential predictors were recent
trends in sSRPE, fatigue, ACWR, current readiness and training load. Three-week moving averages
contributed more to the predictions than raw values or week-to-week changes, indicating that
short-term trends are more informative than isolated weekly measurements. These findings also
emphasise that feature importance should not be interpreted as evidence of causal physiological
effects.

The proposed approach can be integrated into athlete-monitoring systems as an additional
decision-support layer. Weekly monitoring data can be transformed into a forecast of next-week
readiness together with an explanation of the main factors influencing that forecast. Such
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information may help coaches identify athletes who are likely to enter the next training period with
reduced readiness and support decisions regarding training load and recovery.

The model should, however, complement rather than replace professional judgement.
Programme phase and contextual information should be considered alongside physiological and
subjective indicators when interpreting the forecast.

Several limitations should be acknowledged. First, the study included only 48 athletes from
a single sport and a 12-week training programme, which limits generalisability. Second, readiness
was measured using a subjective 10-point scale and may be influenced by factors not included in
the monitoring data. Third, the analysis was based on weekly averages, which limits the ability to
capture short-term fluctuations. Finally, SHAP values describe how the model uses a feature and
should not be interpreted as evidence of a causal relationship with readiness.

Future research should validate the approach on independent datasets, longer training
periods and other sports. Prospective studies are also needed to determine whether readiness
forecasts improve actual coaching decisions and subsequent athlete outcomes. Further work may
investigate daily-resolution data, longer forecasting horizons and objective performance
indicators.

Conclusion. Using an open, richly documented monitoring dataset from a 12-week
controlled trial in 48 competitive table tennis players, we showed that routinely collected load and
recovery indicators support a modest one-week-ahead forecast of perceived readiness that
outperforms persistence and mean-based references for unseen athletes under athlete-grouped
nested cross-validation (best MAE =~ 0.83 versus 1.09 for persistence; R2 = 0.15). The choice of
learner was immaterial, and personalised temporal features improved the forecast only marginally
a consequence of the low between-athlete variance of the indicators in this dataset with smoothed
recent trajectories proving more useful than athlete-relative deviations. The forecastable signal
was carried by the load indicators of the periodised group and, above all, by the position in the
programme: adding the week index improved every model substantially, and without it no model
transferred across the transition into the taper, whereas a context-aware linear model did (MAE
0.75 versus 1.09 for persistence). Out-of-fold SHAP analysis yielded coach-readable individual
explanations and, at the same time, revealed that the dominant driver was a marker of training
phase rather than of physiology, while fatigue, resting heart rate, ACWR and soreness relative to
the athlete's recent weeks acted as athlete-general, physiologically coherent drivers. For practice,
the results recommend that readiness-forecasting models include the planned periodisation as an
input, be re-validated across phase transitions rather than by resampling alone, and be delivered
with explanations that let the coach distinguish calendar effects from the athlete's state.
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AHHOTanus. B TaHHOM HccneaoBaHUM MPEAIaraeTcsl U OLEHUBAETCS MOAXO0J Ha OCHOBE
MAaIIMHHOTO 00Yy4eHUs [yl MPOTHO3UPOBAHUS TOTOBHOCTH CIIOPTCMEHOB Ha OJIHY HEEIIO BIIepe
C LIEJBI0 MOJAECPKKH TPEHEPCKUX PEIICHHUH IO YIPABIECHUI0 TPEHWPOBOYHOM HArpy3kKou. bpur
IpOBE/IEH BTOPUYHBIA aHaIM3 OTKPHITOrO Habopa MaHHBIX, MOJIY4YEHHOr0 B paMKax 12-
HEZEIBHOTO KOHTPOJIMPYEMOTO HCCIENIOBAaHUSA C yd4acTHeM 48 CIOPTCMEHOB, 3aHUMArOIIMXCS
HACTOJIbHBIM TEHHHCOM Ha COPEBHOBATEIIBHOM YpOBHE. ExXeHeneNbHbII MOHUTOPUHT BKIIOYAI
TPEHUPOBOYHYIO HAarpy3Ky, CyOBEKTHBHYIO OLIEHKY BOCIPMHUMAaeMOW Harpy3Ku IOciie
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TPEHUPOBOUHOM ceccuu (Session RPE), cooTHoteHue ocTpoii u xporndeckoi Harpy3ku (ACWR),
MOHOTOHHOCTh W HANpPSOKEHHOCTh TPEHUPOBOK, BApHAOEIHHOCTh CEPIIEYHOr0 PUTMA, YaCTOTY
CEpJICYHbIX COKpAILIEHUI B TOKOE, IOKa3aTelu CHAa, YTOMJISIEMOCTH, CTpEcca, MBIIICYHON
00JIE3HEHHOCTH, O0IIIETO CAMOYYBCTBUS M TEKYIIEH TOTOBHOCTH.

Boutu onenensl yeThipe Moaenu nporuosuposanus: Elastic Net, Random Forest, XGBoost
M MHOTOCJIIOWHBIM MEPLENTPOH, C HCIOJb30BAHUEM BJIOKECHHON NEPEKPECTHOW IPOBEPKU C
TPYNIUPOBKON MO cropTcMeHaMm. VcxoJHble MOKa3aTelid MOHUTOPUHIA CpPaBHUBAIUCH C
MEePCOHAIM3UPOBAHHBIMA BPEMEHHBIMU TMPU3HAKAMHU, BKIIOYABIIUMU HM3MEHEHUS OT HEACNH K
Hezlele, TPeXHeAeNbHbIE CKOIb3SUINe CPeIHUE U UHAUBHUIYAIbHbIE OTKIOHEHUS CIIOPTCMEHA OT
ero coOCTBEHHBIX 3HaUeHUH. MHTepIpeTanus Moenell MpoBOAMIACEH ¢ UcToNib3oBanueM SHAP-
aHaJIM3a Ha MPOTHO3aX BHE 00y4YaroIIMX BHIOOPOK, a BpeMEHHas BajuAalus MPUMEHSIACh IS
OLIEHKH CIIOCOOHOCTH MoJieNiell 00001aTh pe3yIbTaThl Ha 60Jiee MO3JHIE TAIbl TPEHUPOBOYHOU
MIPOrPaMMBI.

Jlydmieli Mozenpl0 Ha OCHOBE JaHHBIX MOHHUTOpHMHIa okaszancs Random Forest c
MePCOHAIM3UPOBAHHBIMUA BPEMEHHBIMU TIpu3Hakamu, noka3asmmii MAE = 0,835, RMSE = 1,039
u R? = 0,152. Paznmuumsa Mexay anropuTMamMu OBUIM HEOONBIIMMH, a HWCIOJIb30BAHUE
MEPCOHAIU3UPOBAHHBIX BPEMEHHBIX MPU3HAKOB OOECMEUMIIO JIUIIL YMEPEHHOE YIIy4IleHHEe 1O
CPAaBHEHHUIO C UCXOJHBIMU MTOKA3aTEISIMHU.

Pe3ynbTarhl MOKa3bIBaIOT, UTO JaHHBIE €KEHEEIbHOIO MOHUTOPUHTA MOTYT 00€CIIeYrBaTh
YMEPEHHO TOYHBIM U MHTEPHPETUPYEMBIM MPOrHO3 TOTOBHOCTU CIIOPTCMEHOB HA CIIEAYIOIIYIO
Hezxento. [Ipeanaraemplii MOAXOA MOKET HCIIONB30BAThCA I MOIICPKKUA TPEHEPOB MpHU
BBISIBJICHUU CIIOPTCMEHOB C PUCKOM CHUKEHUSI TOTOBHOCTH, COXPAHSISl IIPH 3TOM KJIIOUYEBYIO POJIb
npo(ecCHOHANBHOTO TPEHEPCKOrO CYXXICHHS TMpPU NPUHATUMA PEIICHUN IO yHpaBICHHUIO
TPEHUPOBOYHOMN HATPYy3KOU.

KuioueBble cjioBa: cucrteMa MOJIICPKKU MPUHITUS PEHICHUN, TPEHUPOBOYHAS HArpys3Ka,
MalImHHOE 00y4eHNe, MHOTOCTIOWHBIN MEePLUENTPOH, MOHUTOPUHT CIIOPTCMEHOB, IEPCOHATM3AIINS
TPEHUPOBOK.

JKATTBIFY )KYKTEMECIH BACKAPY BOUBIHIIA HIEIIIM KABBLIJIAY bl
KOJJAYFA APHAJIFAH MAIINHAJIBIK OKbITY HEI'I3IHJAET'T
CIHHOPTIIBLJTAPABIH JAAPJIBIFBIH BOJIXKAY MOJEJII

! Meneroek A?, 2 bepiudex /.
tAstana IT University, Acmana, Kasakcman
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Anparna. by 3epTreyne KaTThIFy )KYKTEMECIH 0acKapyFa KaTbICThI KaTThIKTBIPYIIBUIBIK
HIerimMaepal Kojijay MakcaThlH/la CHOPTIIBUIAPABIH alljarbl Olp anTagarbl 1aspJibiFbIH OOJKayFa
apHaJfaH MAallMHAJIBIK OKBITYFa HETI3JIeNITeH TACUT YCHIHBUIBIN, OarajaHajbl. ALIBIK JAEepeKTep
’KUBIHTBIFBI HET131H€ eKIHIL PETTIK Tanaay yprizuiai. Jlepexrep 48 xapbic TeHreiHeri ycTen
TEHHHMCI CHOPTIIBICHI KaTbICKaH 12 anTaiblK OaKbUIAHATBIH 3€pTTEy OapbIChIHJA >KUHAJIFaH.
AnTanblK MOHUTOPUHT KOPCETKIMITEPIHE JKATTHIFY KYKTEMECi, KATThIFy CECCUSChIHAH KEWiHT1
CyOBEKTHBTI )XYKTeMeHi Oaranay (session RPE), sxezen xoHe CO3bUIMAIIbI )KYKTEME apaKaThIHACHI
(ACWR), >xaTThify MOHOTOHIBUIBIFEI MeEH Strain KepceTkilm, >XKYpeK COFy JKUUTITIHIH
Bapuadembairi, THIHBIIITHIK KE31HJET1 KYPEK COFY MKHUIIri, YHKBI, [IapIiay, cTpecc, OyJIIIbIKET
ayBIPCHIHYBI, JKAJIBI JJI-ayKaT dKOHE aFbIMJIAFbl JasPIIBIK CHT13111.

Tept 6omxay moneni Elastic Net, Random Forest, XGBo0o0st skoHe kenkadaTThl epuenTpoH
CHOPTIIbUIAP OOWBIHINA TONTACTHIPHUIFAH KIPICTIPUIT€H KPOCC-BalMIALUsl apKbUIbl OarallaH/bl.
bacTanksl MOHUTOPUHT KOPCETKILITEpP] anTajaH anTara e3repicTepi, Yl alTajbIK KbUDKbIMAIIbI
opTaIla MOHJEP/Al KOHE CHOPTIIBIHBIH 631HE TOH aYBITKYJApbhlH KAMTHUTBIH JepOecTeHAIpiIreH
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YaKBITTHIK OCNTUIEPMEH CaTbICTBHIPUIABL. Moenbaep/l TYCIHIAIPY YIIIiH OKBITY YJT1IEPIHEH ThIC
anplHFaH OorpkaMaapra HerizgenreH SHAP-tangay KommaHBUIABI, al yaKbITTHIK BaJIHIAIUS
MOJICIIbJICPAIH KATThIFy OaraapiaMachiHBIH KEHIHT1 Ke3eHIepiHe JKalmbuiay KaOiuieTiH Oaraiay
YILIiH TaijanaHbUIIbL.

MOHUTOPUHT JIepeKTepiHe HETI3ACITEH €H YKaKChl MOJACNb AepOSCTEHIPIITreH YaKbITThIK
oenrinepi 6ap Random Forest 6omaei: MAE = 0,835, RMSE = 1,039 sxone R? = 0,152.
ANTOpPUTMJIED apachIHJIAFbl aWbIPMAIIBUIBIKTAP a3 OOJJIbl, all JepOSCTCHMIPIIreH YaKbITTHIK
Oenrinep O6acTankpl KOPCETKIITEPMEH CaIBICTBIPFaH A TEK MIEKTEYIIi )KaKcapy KOPCETTi.

Hotwkenep anTalblKk MOHHUTOPHHI JEPEKTepl Kejeci anTajgarbl CIIOPTINBI JaspJibIFbIHA
KATBICTBI OpTallia JeHreieri, 0ipak MHTeprnpeTanusuiayra 0olaTelH OokaMm Oepe alaThIHBIH
kepcereqi. YCBIHBUIFAH TOCUI KATTHIKTHIPYIIBUIAPFA JaspiblFbl TOMEHICY Kaymi Oap
CIOPTIIBUTAP/ABI AHBIKTayFa KOMEKTECE anajibl, COHBIMEH OIpre JKaTThIFy KYKTEMECIHE KAThICTHI
mienrmaep Kadbuiayaa Kocion KaTThIKTHIPYIIBUIBIK MAbIMIayABIH HET13T1 POJIIH CaKTaiIbl.

Tyiiin ce3aep: mienriM KaObBUIIAYABI KOJJAY KYHECi, JKATTBIFY KYKTEMECi, MalIHHAIBIK
OKBITY, KOIKA0ATThI MEPLETITPOH, CIIOPTIIBUIAP MOHUTOPHHT1, KATTHIFYIbI IepOCeCTEHIIPY.
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