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Abstract 1 

Background: Identifying key variables that predict sleep quality in youth athletes allows 2 

practitioners to monitor the most parsimonious set of variables that can improve athlete buy-3 

in and compliance for athlete self-report measurement. Translating these findings into a 4 

decision-making tool could facilitate practitioner willingness to monitor sleep in athletes.  5 

Hypothesis: Key predictor variables, identified by feature reduction techniques, will lead to 6 

higher predictive accuracy in determining youth athletes with poor sleep quality. 7 

Study Design: Cross-sectional study. 8 

Level of Evidence: Level 3. 9 

Methods: A group (N = 115) of elite youth athletes completed questionnaires consisting of 10 

the Pittsburgh Sleep Quality Index (PSQI) and questions on sport participation, training, sleep 11 

environment and sleep hygiene habits. A least absolute shrinkage and selection operator 12 

(LASSO) regression model was used for feature reduction and to select factors to train a 13 

feature-reduced sleep quality classification model. These were compared to a classification 14 

model utilizing the full feature set.  15 

Results: Sport type, training before 8 am, training hours per week, pre-sleep computer usage, 16 

pre-sleep texting or calling, pre-bedtime reading and during-sleep time checks on digital 17 

devices were identified as variables of greatest influence on sleep quality and used for the 18 

reduced feature set modeling. The reduced feature set model performed better (AUC: 0.80, 19 

Sensitivity: 0.57, Specificity: 0.80) than the full feature set models in classifying youth 20 

athlete sleep quality.  21 

Conclusions: The findings of our study highlight that sleep quality of elite youth athletes is 22 

best predicted by specific sport participation, training and sleep hygiene habits. 23 
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Clinical Relevance: Education and interventions around the training and sleep hygiene 24 

factors that were identified to most influence the sleep quality of youth athletes could be 25 

prioritized to optimize their sleep characteristics. The developed sleep quality nomogram may 26 

be useful as a decision-making tool to improve sleep monitoring practice amongst 27 

practitioners.  28 

Keywords: Youth athletes, sleep quality, feature reduction, machine learning, nomogram 29 

 30 

  31 
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Introduction 32 

The interest in sleep as a means to optimize athlete physiological and psychological health, 33 

well-being and mood, cognition, and performance has increased dramatically in the past 34 

decade. 22 This can be attributed to the recognized role of sleep in facilitating these positive 35 

outcomes, as well as the documented prevalence of chronic sleep restriction experienced by 36 

high-performing athletes 14 and adolescent athletes. 34 Research on the sleep regulatory 37 

systems of adolescents have highlighted a potential interaction between a multitude of 38 

bioregulatory and psychosocial pressures that contribute to shortened sleep in this population. 39 

8 Amongst these considerations, the biologically-governed phase-delay of circadian rhythms, 40 

extrinsic alerting factors, such as evening light from devices with screens, and the societal 41 

pressure of early awakenings for early school starts or sports practices culminate towards 42 

sleep opportunities that are chronically short and quality deficient. 8  43 

While the practice to capture details about an athlete’s sleep durations and/or quality has been 44 

generally adopted by way of athlete monitoring systems to understand the inter-relationships 45 

between training demands, wellness and potential maladaptive recovery profiles, 15, 19 there 46 

appears to be a lack of data on the factors that contribute to unsatisfactory sleep 47 

characteristics amongst athletes, evidenced by recent recommendations for such information 48 

to be obtained through sleep questionnaires. 35 From the perspective of a sports practitioner, it 49 

would be relevant to also obtain insights into modifiable contributory factors that influence 50 

the sleep characteristics of their athletes, and by extension, potentially determine how these 51 

factors impact the sleep quality experienced by an athlete throughout the season. It is not 52 

always possible to employ objective methods to monitor sleep due to logistical and fiscal 53 

considerations. 17 Self-report sleep monitoring instruments provide valuable estimates of 54 

sleep characteristics but may be tedious to employ regularly and often require expert 55 

guidance or referral to a sleep professional to address the underlying symptoms.  56 
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Athlete monitoring systems, or athlete self-report measures (ASRM), would be a seemingly 57 

logical alternative to gather insights on factors contributing to sleep disturbance and 58 

determine sleep quality. However, because of the regularity and comprehensiveness of data 59 

collected in such an approach, practitioners have to consider the trade-off in the number of 60 

questions asked and athlete compliance in data collection (i.e., data meaningfulness vs data 61 

completeness) when designing the ASRM. 32 In this regard, the process of feature selection, 62 

which seeks to reduce dimensionality by 1) identifying a subset of variables critical to the 63 

construction of the prediction model and 2) removing irrelevant variables, can be a useful 64 

methodology to determine the most parsimonious set of variables from athlete monitoring 65 

data, 29 ensuring the most optimal balance of athlete buy-in 31 and potentially improve 66 

prediction accuracy. 67 

While developing statistical models to predict sleep quality may be warranted from a research 68 

perspective, efforts could be made to translate them to an applied sport science setting. In this 69 

regard, a rapidly deployable visual tool to communicate the results of a predictive model 70 

assessing the risk of poor sleep quality in youth athletes could facilitate decision-making with 71 

respect to recovery. Recent translational medicine approaches in healthcare research have 72 

begun to propose nomograms as a tool to screen for individuals at greater risk of certain 73 

medical maladies. 20, 36 A novel sleep-specific nomogram that provides a point estimate of a 74 

youth athlete’s quality of sleep based on predictors of youth athlete sleep quality could allow 75 

practitioners to easily identify athletes at risk of poorer sleep and decide on the extent of 76 

appropriate management strategies that should be employed when necessary.  77 

The aims of this study were to identify factors that best predict youth athlete sleep quality. 78 

Specifically, we aim to use a feature reduction approach to develop a classification model 79 

using behavioural, environmental and training factors to predict sleep quality. Using the most 80 

accurate predictive model, a secondary aim was to develop a nomogram as a visualization 81 
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and translational tool to facilitate the interpretation of the predictive analysis for practitioner 82 

adoption.  83 

Methods 84 

Participants 85 

A total of 115 male and female elite national youth athletes from 11 National Sports 86 

Associations (NSAs) across Singapore were recruited. Convenience sampling was used to 87 

select participants. Only youths under 21 years of age were included in this study. Informed 88 

consent and assent were given by participants and their parent or guardian. The 89 

characteristics of the athletes are presented in Table 1. 90 

 91 

***Insert Table 1 about here*** 92 

 93 

Design 94 

A cross-sectional observational design was adopted. The self-administered questionnaire 95 

included the Pittsburgh Sleep Quality Index (PSQI), a Sleep Environment and Hygiene Survey 96 

and the athletes’ training and demographic factors. The paper questionnaire was administered 97 

once within a group setting during national training assemblies and took approximately 10 98 

minutes to complete. Ethical approval for the study was obtained from an Institutional Review 99 

Board.   100 

Procedure 101 

Pittsburgh Sleep Quality Index Questionnaire.  102 

The PSQI is a valid sleep monitoring tool consisting of 19 self-rated questions that provide a 103 

global rating of subjective sleep quality and sub-scale measures of sleep quality, sleep latency, 104 
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sleep duration, sleep efficiency, sleep disturbances, sleep medication consumption habits and 105 

daytime dysfunction. 6 Its administration within initial consultations allows practitioners to 106 

determine an athlete’s sleep history and identify potential sources of sleep disturbances based 107 

on responses and scores in individual components. 17 A global PSQI score of > 5 is reported to 108 

have a diagnostic sensitivity of 89.6% and specificity of 86.5% in distinguishing “good” and 109 

“poor” sleepers,6 and was used as the criterion threshold in the present study. The binary 110 

classifications of “good” and “poor” sleepers were used as dependent variables. 111 

Sleep environment and hygiene survey.  112 

Sleep environment and hygiene information were collected as predictor variables using a 29-113 

item survey, adapted from the Athlete Sleep Behaviour Questionnaire,9 on maladaptive 114 

behaviours that may influence sleep (Supplementary material 1). The frequency of personal 115 

experiences relating to the sleep environment was evaluated on a six-point Likert scale (1 = 116 

Never; 6 = Always/daily), including questions pertaining to the immediate sleep environment 117 

(noise, light and temperature). Additionally, questions relating to food and fluid intake in the 118 

hour preceding sleep, the frequency of electronic device use and the application of blue light 119 

filters on electronic devices, the use of stress management and relaxation techniques, irregular 120 

sleep-wake times and poor napping habits were investigated. Questions pertaining to lifestyle 121 

activities associated with the peri-sleep time, including work, study, media and social media 122 

interaction, gaming, reading, music and texting, were also included.  123 

Athlete demographic and training factors. 124 

Athlete-specific data were collected as additional predictor variables. Athletes indicated their 125 

age, gender, sport, sport type (individual or team sport), current training phase, training 126 

frequency, training time of day and total training hours per week. For training frequency, 127 

response options were: Never, 1–2 Trainings/Week, 3-4 Trainings/Week, 5-6 Trainings/Week, 128 
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and Daily. Training time of day responses were: Earlier than 8 am, 8 am to 5 pm and Later than 129 

5 pm.  130 

Statistical Methods 131 

Statistical analysis was conducted using R statistical software (R. 4.0.2, R Foundation for 132 

Statistical Computing). Descriptive data were expressed in means and standard deviations.  133 

Feature reduction -LASSO  134 

In the current study, to uncover the smallest subset of features that best predict sleep quality 135 

while maintaining the practical interpretability of the features, we utilized a LASSO 136 

regression for feature reduction as it addresses the issues of overfitting and model 137 

performance overestimation commonly related to regression methods. 27 The LASSO 138 

regression places a penalty on the sum of the coefficients, using that penalty to shrink the 139 

coefficient estimates with a minor contribution to the model. The final model may have the 140 

coefficients of some variables shrunk all the way to zero, effectively removing them from the 141 

model. This results in a smaller set of predictor variables and a more parsimonious and 142 

interpretable model. 25  143 

Forty-two predictor variables from the questionnaire were used as predictor variables. 144 

Continuous variables were standardized (z-score) to reduce the influence of magnitude 145 

differences in measurement scales on the shrinkage of regression coefficients. Model fit was 146 

performed using the glmnet package 13 in R with 10-fold cross-validation. Alpha was set as 1, 147 

and the optimal value for lambda (0.058) was determined using a hyperparameter grid-search. 148 

The most important predictive features determined from the LASSO regression were then 149 

used in the model development.  150 

Data pre-processing  151 
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Model training and evaluation occurred in R using the caret package. 21 A generalized linear 152 

model (GLM, logistic regression) classification approach was chosen to predict the 153 

categorical outcomes of sleep quality (poor vs good). A  70-30% split was selected for the 154 

training and testing sets, respectively, by random sampling. Two models were trained and 155 

tested, one using all 42 features (full-feature model) and another using features determined to 156 

be significant predictors by the LASSO feature reduction (feature-reduced model). 157 

Model validation and evaluation 158 

This study employed the use of 5-repeated 10-fold cross-validation. Cross-validation 159 

performance was used to determine the best of the 2 classification models (full-feature vs 160 

feature-reduced model). The predictive accuracy of the trained models was determined by the 161 

ability to correctly classify sleep quality within the “held-out” test data set. Area under the 162 

curve (AUC) in receiver operating characteristic (ROC), sensitivity and specificity were used 163 

to evaluate cross-validation performance between the trained models and predictive 164 

accuracies. The sum of sensitivity and specificity (Youden’s method) was used for threshold 165 

selection. 166 

Nomogram 167 

The rms package in R 18 was used to construct the nomogram based on the final chosen 168 

model with the best predictive accuracy. The analysis workflow is presented in Figure 1. 169 

  170 

***Insert Figure 1 about here*** 171 

 172 

Results 173 

Feature reduction-LASSO 174 
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The LASSO regression reduced 42 variables to 7. These included training hours per week, 175 

sport type, training frequency before 8 am, pre-bedtime computer usage frequency, pre-176 

bedtime reading frequency, pre-bedtime text/call frequency and time check frequency. The 177 

LASSO regression coefficients are presented in Table 2. Standard errors are not included in 178 

the table as they are not meaningful for biased estimates that arise from penalized estimation 179 

methods. 16 180 

 181 

 182 

***Insert Table 2 about here*** 183 

 184 

These variables were used to train the feature-reduced GLM model. 185 

Model selection and accuracy 186 

The feature-reduced model provided higher cross-validation performance (mean AUC: 0.75, 187 

mean sensitivity: 0.60, mean specificity: 0.80) than the full-feature model (mean AUC: 0.47, 188 

mean sensitivity: 0.44, mean specificity: 0.51). When evaluated upon the independent “held-189 

out” test set, the feature-reduced model had a higher AUC (AUC: 0.80, Sensitivity: 0.57, 190 

Specificity: 0.80) with a threshold criteria of 0.39 in comparison to the full-feature model that 191 

reported an AUC of 0.55 (AUC: 0.55, Sensitivity: 0.57, Specificity: 0.80) with a best threshold 192 

criteria of 0.5 (Table 3).  193 

 194 

***Insert Table 3 about here*** 195 

 196 

Nomogram 197 
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The nomogram was developed based on the feature-reduced model as it had the highest 198 

predictive accuracy. To aid readers in its usage, a case study is added to the nomogram (Figure 199 

1a).  200 

 201 

***Insert Figure 2 about here*** 202 

 203 

Discussion 204 

Elite athletes may obtain a plethora of physiological and cognitive benefits from achieving 205 

adequate sleep. However, despite these health and performance advantages, the prevalence of 206 

sleep inadequacy among elite youth athlete populations has been reported as high. 35 Due to 207 

the various influences on youth athlete sleep, it would be vital to capture these multiple 208 

factors to inform their recovery needs. While ASRMs provide a means to gather these 209 

insights, it can be challenging to extract key variables that impact sleep quality from a high 210 

number of candidate predictors and maintain practitioner interpretability. To this end, this 211 

study aimed to identify key factors that best predict youth athlete sleep quality through 212 

machine learning techniques such as feature reduction (LASSO regression) and classification 213 

predictive modeling (GLM).  214 

Of the 42 candidate variables analyzed, the LASSO regression identified 7 key variables as 215 

predictors of sleep quality amongst elite youth athletes. Of these predictor variables, training 216 

frequency before 8 am, training hours per week, pre-bedtime computer usage frequency, pre-217 

bedtime text/call frequency, and time check frequency concur with previous literature in their 218 

influence on sleep. 1, 8, 12, 30, 33 In our findings, participating in a team sport resulted in a 219 

higher likelihood of having poor sleep quality, which is inconsistent with previous findings. 23 220 

These equivocal reports may be explained by contextual differences. Given the possibility 221 

that athletes self-select into sports and accompanying training schedules that best suit their 222 
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chronotype, 24 it is plausible that youth athletes with an evening preference may be more 223 

prevalent within team sports in the current population. Adolescents with this later chronotype 224 

preference have been reported to obtain lesser and poorer sleep due to a misalignment with 225 

societal demands. 28 Another notable finding was the association between total training hours 226 

per week and sleep quality. More specifically, a shorter duration of weekly training increased 227 

the risk of poor sleep quality amongst youth athletes within our study. This is consistent with 228 

findings by Brand et al., 4, 5 who observed better subjective and objective sleep quality in 229 

adolescent athletes that participated in frequent exercise. This has been hypothesized to be 230 

due to the effect of exercise on brain energy metabolism in young people, resulting in 231 

improved sleep efficiency. 11 However, the cross-sectional design of the present study makes 232 

the nature of this association unclear as other factors, such as having a limited amount of time 233 

to undertake other pre-sleep activities known to disrupt sleep quality in adolescents, may also 234 

contribute to this relationship. 2 Our results also highlight an association between pre-bedtime 235 

reading frequency and sleep quality, whereby individuals that read more frequently had a 236 

lower likelihood of having poor sleep quality. Similar findings were reported in a study 237 

among Canadian children that found a positive impact of reading a printed book an hour 238 

before bedtime on sleep quality in comparison to the use of electronic devices during the 239 

same time of day. 10 The improvement in sleep quality following a reading opportunity 240 

among children and adolescents could be attributed to the reduced opportunity for blue light 241 

exposure from electronic devices, which have demonstrated an ability to suppress evening 242 

melatonin release, resulting in poorer sleep quality in adolescents. 7 However, melatonin and 243 

blue light exposure were not measured in the present study and further research to clarify the 244 

mechanisms underlying these associations is warranted.  245 

When comparing the predictive accuracy of the full and feature-reduced classification 246 

models, the latter elicited greater predictive accuracy. This may be due to errors in the 247 
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predictions of a model on a held-out data set (often referred to as out-of-sample or 248 

generalization error) which tend to increase if the model has been overfit to the data set used 249 

to construct it. 25 Adding more predictor variables to a model increases its complexity, and 250 

subsequently, its capacity to overfit a sample of data. This can cause increases in the 251 

generalization error, as seen in this study. The application of feature reduction could also be 252 

considered to refine athlete monitoring practices, whereby the number of questions asked 253 

from athletes is gradually reduced, following the identification of variables that do not 254 

contribute significantly to the predictive model. This is a salient consideration for 255 

practitioners looking to optimize athlete monitoring by improving athlete buy-in. 256 

Specifically, employing a more expedient data collection process allows for athletes and 257 

coaches to focus on data interpretation and generating critical feedback without overloading 258 

practitioner resources. 259 

A secondary aim was to develop a simple-to-use nomogram as a novel visualization and 260 

translational tool to facilitate the interpretation of the predictive analysis to practitioners. The 261 

proposed nomogram in this study incorporates the selected training and pre-sleep hygiene 262 

variables used in the logistic regression model and can be used as a convenient, easy-to-read 263 

tool to identify youth athletes that may have a greater propensity for poor sleep (Figure 1b). 264 

This tool could be easily employed to perform a rapid assessment of sleep quality in youth 265 

athletes with minimal burden to the athlete by collecting parsimonious “risk factors” of poor 266 

sleep. This may facilitate athlete compliance, especially if monitoring is done frequently (e.g. 267 

daily), by incorporating a condensed set of critical questions. 32 As such, variable selection 268 

techniques and nomograms may present an even greater value-proposition in such a time 269 

where practitioners are monitoring wellness and performance parameters of multiple youth 270 

athletes (e.g., team sport settings, multi-sport support) and need to rapidly identify youth 271 

athletes that may require greater sport science support. 272 
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Previous instruments, such as the Athlete Sleep Behavior Questionnaire 9 and the clinically 273 

validated Athlete Sleep Screening Questionnaire,3 were specifically developed to determine 274 

maladaptive sleep hygiene behaviors and identify sleep disorders in athletes. While there is 275 

great value in the use of these instruments, the nomogram has potential application as a quick 276 

and practitioner-friendly option within the early stages of the athlete sleep monitoring process 277 

to improve the frequency and perceived need for sleep monitoring by practitioners. 26 The 278 

ability of a sleep-specific nomogram to generate individualized predictions enables their use 279 

in the early identification and stratification of youth athletes’ into groups defined by poor 280 

sleep quality risk, which could also better prioritize and target management interventions. 281 

This study extends on the previous development of sleep questionnaires providing 282 

practitioners with an easy-to-use nomogram that can help to guide decision-making on factors 283 

related to recovery and periodization of training. 284 

Limitations and future research 285 

The findings should be interpreted with caution. First, self-report tools like the PSQI are 286 

prone to recall bias. Objective measures, such as actigraphy, are valuable in their reliability 287 

and validity to quantify sleep and wake characteristics and are supplemental in the 288 

identification of potential sleep disorders. However, these methods require expertise in usage 289 

and are not always fiscally feasible. 17 The PSQI was adopted to determine sleep quality due 290 

to its time-cost effectiveness and accuracy. The cross-sectional approach employed in this 291 

study implies that the findings are associative and should not be interpreted as causal 292 

relationships. Interventions targeting the variables included in the predictive models have not 293 

been explicitly tested for their ability to remedy poor sleep quality. While the sleep 294 

nomogram in this study provides a useful reference to determine an athlete’s sleep quality, it 295 

was developed using predictive models that were trained using data from Singaporean youth 296 
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athletes. Alternate nomograms can be developed for variant athlete populations using their 297 

respective data.   298 

Conclusions 299 

Considering the complex considerations that may disturb athlete sleep, there is a need to use a 300 

data collection approach that is able to elucidate these multivariate factors. Athlete self-report 301 

measures are a cost-effective method to achieve this but can be overwhelming for the athlete 302 

when overly comprehensive and frequent. In the present study, we isolated 7 key sport 303 

participation, training and sleep hygiene variables that influence and best predict the sleep 304 

quality of elite youth athletes from a set of 42 candidate variables. This reduces the need to 305 

collect data on potentially irrelevant predictors and helps refine ASRM processes. 306 

Practitioners will also be able to better prioritize and focus their education and intervention 307 

strategies to optimize their athletes’ sleep characteristics.  308 

  309 
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 422 

Figure 1. Feature selection and analysis workflow.  423 

 424 

  425 
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 426 

Figure 2. Nomogram for calculating the predicted risk of having poor quality sleep. (a) Case 427 

study scenario of an athlete that participated in 10 hours of training per week, from a team 428 

sport, that trained before 8 am 3-4 times a week, used a computer during or close to bedtime 429 

5-6 times a week, read during or close to bedtime daily, sometimes checked the time on a digital 430 

clock and/or device after lights-out, and texted or called using a communication device 1-2 431 

times a week. Extrapolating this information upwards to the points obtained for each of these 432 
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variables, such an individual would obtain a total number of points of approximately 249, 433 

indicating approximately an 85% risk of experiencing poor sleep quality as determined by the 434 

PSQI. (b) No case study annotations. 435 

 Abbreviations: Trg. = Training; Hrs. = Hours; Freq. = Frequency; Pre-bt. = Pre-bedtime  436 

  437 
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Table 1. Participant demographics by sport, Mean (SD) 438 

Characteristic   Individual Sport, N = 57   Team Sport, N = 58 

Age, yrs   14.58 (1.39)    16.57 (2.08)  

Height, cm   167 (9)     169 (7) 

Mass, kg    57 (8)    62 (12) 

Gender, n (%)         

Female   25 (44)   37 (64) 

Male   32 (56)   21 (36) 

 439 

  440 
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Table 2. LASSO regression coefficients 441 

Variable   Standardized coefficients 

Intercept   -0.59 

Trg. hrs. p/w   -0.09 

Sport type (individual vs. team)    -0.64 

Trg. freq. before 8am   0.06 

Pre-bt. Computer usage freq.  0.02 

Pre-bt reading freq.  -0.02 

Time check freq.  0.25 

Pre-bt. Text/call freq.   0.10 

Abbreviations: Trg. = Training; Hrs. = Hours; Freq. = Frequency; Pre-bt. = Pre-bedtime   442 
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Table 3. Comparison of performance models for training and test set 443 

Model   Training seta      Test set   

    AUC Sensitivity Specificity   AUC Sensitivity Specificity 

Full-

feature 
  

0.47 

(0.19) 

0.44 

(0.27) 

0.51 

(0.23) 
  0.55 0.57 0.65 

Feature-

reduced 
  

0.75 

(0.18) 

0.60  

(0.27) 

0.80  

(0.20) 
  0.80 0.57 0.80 

                  
a Average results of 5-repeated 10-fold cross-validations 444 
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Supplementary material 1. Sleep Environment and Hygiene Survey 446 

 447 

 448 


