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Abstract 

Historically, the field of sleep medicine has revolved around electrophysiological tools. 

However, the use of these tools as a neurophysiological method of investigation seems to be 

underrepresented today, from both international recommendations and sleep centers, in 

contrast to behavioral and psychometric tools. The aim of this article is to combine a data-

driven approach and neurophysiological and sleep medicine expertise to confirm or refute the 

hypothesis that neurophysiology has declined in favor of behavioral or self-reported 

dimensions in sleep medicine for the investigation of sleepiness, despite the use of 

electrophysiological tools. Using Natural Language Processing methods, we analyzed the 

abstracts of the 18,370 articles indexed by PubMed containing the terms ‘sleepiness’ or 

‘sleepy’ in the title, abstract, or keywords. For this purpose, we examined these abstracts using 

two methods: a lexical network, enabling the identification of concepts (neurophysiological or 

clinical) related to sleepiness in these articles and their interconnections; furthermore, we 

analyzed the temporal evolution of these concepts to extract historical trends. These results 

confirm the hypothesis that neurophysiology has declined in favor of behavioral or self-

reported dimensions in sleep medicine for the investigation of sleepiness. In order to bring 

sleepiness measurements closer to brain functioning and to reintroduce neurophysiology into 

sleep medicine, we discuss two strategies: the first is reanalyzing electrophysiological signals 

collected during the standard sleep electrophysiological test; the second takes advantage of the 

current trend towards dimensional models of sleepiness to situate clinical neurophysiology at 

the heart of the redefinition of sleepiness. 

Keywords: natural language processing; neurophysiology; sleep medicine; sleepiness; text 

mining.  
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Introduction 

Sleepiness is an introspective (i.e. subjective experience), physiological and behavioral state 

[6,12] presented by most individuals over a 24 h period [49,61]. However, when it occurs with 

a high frequency or during inappropriate situations, it can be qualified as excessive [49] and 

can be associated with other symptoms such as excessive quantity of sleep or sleep inertia, a 

syndrome called hypersomnolence. Hypersomnolence has numerous consequences on personal 

health since it is related to sleep, psychiatric, metabolic, cardiovascular and neurological 

disorders, with increased risks of morbidity and mortality [32,60]. Hypersomnolence also has 

a strong impact on public health due to the social and economic burden it imposes on society 

[7,39], with a specific social and political attention on road accident risks [8]. 

  

Although sleepiness and hypersomnolence have played a central role since the first nosological 

classifications of sleep disorders [21,22,57], systematic investigations of the definition of these 

symptoms are lacking, in contrast to work on fatigue [61] or more recently vigilance [59]. The 

problem of defining these constructs is important and plays a role in the variability of estimates 

of the prevalence of hypersomnolence, which can range from 1.5% to over 40% [31,49,68]. 

To refine the concepts of somnolence and hypersomnolence, we have previously proposed two 

complementary approaches [45]. On the one hand, a “top-down approach,” based on expert 

knowledge of clinical and research issues in sleep medicine [42]. Such an approach 

distinguishes three sub-dimensions of hypersomnolence (namely excessive daytime sleepiness, 

excessive sleep quantity, and wake-up perturbations), themselves split into sub-dimensions 

(respectively: continuous drowsiness related to an insufficient level of arousal, excessive sleep 

propensity characterized by the occurrence of voluntary or involuntary sleep episodes and 

automatic behaviors for excessive daytime sleepiness; difficulties in interrupting sleep, 

confusion upon awakening and sleep inertia for wake-up perturbations). 

However, a possible limitation of such an approach is that hypersomnolence is conceived 

through expert knowledge, which may be biased precisely because of this expertise. We have 

recently proposed a complementary approach to the delimitation of somnolence and 

hypersomnolence, which we have termed “bottom-up” [44]. This approach seeks to bring out 

possible sub-dimensions of somnolence and hypersomnolence by identifying and studying the 

tools designed to measure them [53]. We identified and classified all the tools for measuring 
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sleepiness and hypersomnolence cited in the scientific literature, with the minimum of 

preconceptions about the dimensions they measure. Based on a systematic analysis of 

measurement tools, we hypothesized that this approach would enable us to highlight the 

different dimensions of somnolence and hypersomnolence in a way that is not based on expert 

knowledge, but on an historical approach to the successive evolution and adjustments of this 

complex, multidimensional concept. 

For this approach, we used an umbrella review [24] of tools for measuring sleepiness in adults 

[44]. This work, carried out in line with PRISMA [50] recommendations, initially enabled us 

to select 36 review articles on the assessment of hypersomnolence published since 1982, within 

which 99 distinct hypersomnolence measurement tools were identified. Through an 

aggregative and inductive process, these tools were classified into 8 categories: Questionnaires 

(n = 54, 54.5%); Measures derived from electroencephalography (EEG) (n = 7, 7.1%); 

Polysomnography-derived measures (PSG) (n = 10, 10.1%); Performance-based measures (n 

= 12, 12.1%), Activity-based measures (n = 7, 7.1%); Eye-related measures (n = 3, 3.0%); 

Autonomic system measures (n = 4, 4.0%), Other measures (n = 2, 2.0%) [44]. EEG and PSG 

derived measures and some eye-related and autonomic system measures are considered as 

electrophysiological measurement tools. 

In addition, for each tool, we looked for the publication date of the earliest literature article to 

our knowledge mentioning the use of this tool in an experimental context related to somnolence 

or hypersomnolence. Finally, this work enabled us to construct a graphical and interactive 

representation of these measurement tools1, according to their first publication date, the 

category in which they were classified, and the number of mentions of each tool in the included 

journal articles [44]. This representation helped us to identify chronological elements reflecting 

the history of the development and adoption of sleepiness and hypersomnolence measurement 

tools from the 1960s to the present day [44]. 

Interestingly, this historical analysis has enabled us to identify the use of electrophysiological 

tools by the clinical neurophysiology community for the investigation of the nervous system 

functioning in relation to sleepiness as early as the 1960s, e.g. the Event Related Potential 

(ERP) in 1964 [27] or Quantified Electroencephalography [14]. Since the nervous system 

operates via electrical signals (action potentials and synaptic potentials), classical as well as 

                                                
1 Available online: https://chart-studio.plotly.com/~vincent.martin/7/#/ 

https://chart-studio.plotly.com/~vincent.martin/7/#/
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modern neurophysiological methods are primarily focused on quantifying electrical activity, 

commonly known as electrophysiology [43]. Nevertheless, it is worth noting that 

electrophysiology can be employed to assess behavior rather than exclusively examining the 

physiological activity within the nervous system. This appears to be the case as the field of 

sleep medicine evolved in relation to sleepiness: electrophysiological signals seems to be now 

interpreted by the sleep medicine community more to assess behaviors related to performance 

altered by sleepiness rather than as measures of neurophysiological processes related to brain 

functioning per se [12] (see Figure 1). Indeed, electrophysiological signals have been measured 

in soporific tasks, which became classical investigations in sleep medicine, such as real and 

simulated driving performances [11,28] or the Maintenance of Wakefulness Test (MWT) [47] 

principally to assess sleep onset behavior, in order to evaluate the capacity to remain awake 

and vigilant. Moreover, since the 1980s, the interest of the sleep community in psychometric 

tools has dominated innovation in the field of sleepiness measurement tools (almost half of the 

99 measurement tools we identified are self-reported sleepiness questionnaires) [44]. In brief, 

while the interpretation of electrophysiological signals in a neurophysiological framework was 

a foundation for the investigation of sleepiness, interest in this approach seems to have reduced 

in sleep medicine. 

 

 

Figure 1 – Classical model of sleepiness at the cross road of self-reported, behavioral and neurophysiological 

dimensions. Inspired by [6]. 

The aim of this article is to combine a data-driven approach and neurophysiological and sleep 

medicine expertise to confirm or refute the hypothesis that neurophysiology has declined in 

favor of behavioral or self-reported dimensions in sleep medicine for the investigation of 
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sleepiness, despite the use of electrophysiological tools. More specifically, we aim to combine 

Natural Language Processing techniques and bibliometrics in an historical perspective to 

analyze all published literature on the subject. 

 

Methods 

Our method consists of three steps. All methodological details are given in Supplementary 

Materials: Method section. The method is described in Figure 2.  

 

Figure 2: Overview of our mixed analysis method. Dashed boxes rely on expert knowledge. All 

the other boxes represent fully automated operations.  

 

Corpus extraction and bibliometrics 

Automatic extraction of biomedical database 

We first performed an extraction of the biomedical database PubMed, including the titles, 

keywords, and abstracts of associated English terms for sleepiness published between January 

1, 1600, and December 31, 2022. The MEDLINE search equation was the following: 

“sleepiness”[All Fields] OR “sleepy”[All Fields]. The search equation was intentionally as 

broad as possible, and no restriction was made on the volume of texts: the entire PubMed 
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corpus using the terms of interest was extracted using the R package pubmedR (v.0.0.3). Due 

to a core limitation of this package (which cannot extract more than 10,000 items), we 

performed three sub-extractions of less than 10k items each and aggregated them before 

proceeding with the analysis.  

Bibliometrics 

In order to reflect qualitatively on the data contained in the extracted corpus, we identified the 

publication year of these articles, their type (abstract, journal article, …) and where they were 

published using the biblioAnalysis function of the bibliometrix package (v.4.1.2). 

Automatic network analysis and extraction of the main semantic dimensions 

In this data extraction and visualization step, the results come from a back-and-forth between 

the data extracted automatically using NLP algorithms and our expertise in neurophysiology 

and sleep medicine, enabling us to make informed choices about the parameters of the 

algorithms.  

Text preprocessing 

In a second step, we applied methods of Natural Language Processing to extract quantitative 

information from the qualitative corpus. After having extracted the abstracts of all these items 

(bibliometrix package, v.4.1.2), we used a text segmentation algorithm (unnest_tokens function 

of the R package tidytext, v.0.4.1) to slice all the abstracts into lowercase words. 

Filtering and lumping 

Then, since our goal is to study the semantic content of the corpus related to sleepiness and 

neurophysiology, we deleted stop-words (R package stringr v. 1.5.0) and specific terms related 

to the methodology that we identified in the extracted corpus and that are not related to 

sleepiness.  

We then employed a lumping strategy, i.e., we manually searched for all the words and ngrams 

of different sizes (i.e. groups of two, three or four consecutive words) in the filtered corpus that 

corresponded to the same notion, and automatically lumped them into a unique token (R 

package stringr v 1.5.0). The detail of this procedure is available in Supplementary 

Materials: Method section of this document. We applied this procedure iteratively both for 



 

 9 

term clusters emerging from the lexical graph and for neurophysiology-related terms 

previously identified expertly. The tokens that were automatically extracted from the abstracts 

are all in lowercase; the lumped tokens (n=41 distinct tokens) are thus reported beginning with 

an uppercase letter to distinguish them. 

[Could you please insert here a box with the following definitions?  

Ngram: Any combination of n words 

Token: In this article, we designate by token any word or ngram 

Lumped token: Tokens designating the same concept (i.e. “MSLT”, “Multiple Sleep Latency 

Test” or “MSL” have been replaced by the same lumped token (in this example, “MSLT”). ] 

Terms ranking 

We then sorted all tokens by frequency of occurrence, from most frequent to least frequent. In 

doing so, we identified the top 10 most frequent tokens, as well as the ranking of tokens 

associated with neurophysiology. 

Automatic Extraction of Main Semantic Dimensions 

To further explore and identify the major semantic dimensions underlying the tokens included 

in the semantic network, we conducted an automatic topic modeling analysis [46,54]. For this 

purpose, we employed Latent Dirichlet Allocation [9], which revealed the underlying semantic 

dimensions of our corpus [56]. Both the number of topics and the attribution of each token to 

a topic are data-driven, resulting from the automatic topic modeling analysis.  

Expert-based naming of the Main Semantic Dimensions 

Then, on the basis of this analysis and our expertise in neurophysiology and sleep medicine, 

we have named each of these categories and linked them to the major subfields of sleep 

medicine related to sleepiness.  

Network analysis 

We then arranged the aforementioned tokens into an undirected lexical network to visualize 

and analyze the underlying structure of the links between these terms. We used a Gaussian 

Graphical Model [18], wherein we computed partial correlations among all nodes included in 
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the network (using package Hmisc, v5.1) to measure the strength of their associations. To 

ensure statistical relevance, we kept only the edges corresponding to statistically significant 

correlations (Spearman test, p < .05).  

The resulting graph was then visualized using the software Gephi. As in the previous literature, 

we selected the top 75 most frequent tokens to construct the lexical network ensuring optimal 

readability of the resulting network [62]. The code and data from the previous steps and the 

Gephi file are available in Supplementary Data. 

Expert correction  

To complement the previous automatic approach and to fuel the discussion, and to maintain 

the balance between automatic data analysis and expert approaches that guide our method, a 

certified sleep specialist (RL) expertly corrected the attribution of each token into a semantic 

dimension to make it correspond to clinical knowledge. For example, the token “KSS” 

(Karolinska Sleepiness Scale) or “SSS” (Stanford Sleepiness Scale) were first attributed to the 

Sleep disorders dimension and have been manually corrected so that they belong to the 

Subjective sleepiness dimension. The original automatic attribution of each token to their 

dimension is available in Supplementary Material: Table S2; the expertly-corrected version 

is available in Table 2. We then plotted a second version of the graphical representation of the 

lexical network based on this corrected categorization.  

Iterative construction of the semantic field around sleepiness.  

In order to gain a more nuanced understanding of the temporal dynamics in the construction of 

the field around sleepiness, we examined the temporal evolution of various keywords related 

to neurophysiology (determined expertly in the previous step of the method) and the dominant 

terms in the lexical network. We conducted this analysis cumulatively: for a given year n, we 

used all articles published before n, providing an overview of the existing knowledge domain 

up to year n. 

In order to measure the popularity of tokens over the years, we established two metrics. The 

first one is the ratio of previously published articles mentioning each token. The higher this 

metric, the larger the proportion of articles published before the year n that have the targeted 

token in their title or abstract. The second metric is the rank of these tokens among the 
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published articles: the lower the rank, the more significant the relative weight of the token 

compared to other tokens. 

 

Results 

Corpus extraction and bibliometrics 

The literature search identified 18,370 articles for which “sleepiness” or “sleepy” were 

included in the title, abstract, keywords or MeSH terms, published between 1903 and 2022. 

These items were predominantly journal articles (n=14,006, 76.2%), comparative studies 

(n=1,110, 6.0%), clinical trials (n=1,099, 6.0%), case reports (n=809, 4.4%) and English 

abstracts (n=599, 3.3%). Since the majority of these items are journal articles, we refer to these 

items as articles in the following. Most of these articles were published between 2013 and 2022 

(n=9185, 50%), with a quarter published between 2018 and 2022.  

These articles were published in 2960 different journals; the 20 most represented ones are 

reported in Table 1 (covering 37.2% of 18,370 articles). For each journal, we reported its name 

and the number and proportion of research items of the corpus published in this journal. This 

list allows us to position the findings derived from this corpus within the field of medicine, as 

the most represented journals are all within this domain. 

  

Journal Nb of articles 

SLEEP 937 (5.1%) 

Sleep Medicine 791 (4.3%) 

Journal of Clinical Sleep Medicine 525 (2.9%) 

Sleep and Breathing 516 (2.8%) 

Journal of Sleep Research 525 (2.9%) 

CHEST 220 (1.2%) 



 

 12 

Chronobiology international 218 (1.2%) 

Plos One 214 (1.2%) 

Sleep Medicine Reviews 160 (0.9%) 

Nature and Science of Sleep 138 (0.8%) 

Neurology 131 (0.7%) 

American Journal of Respiratory and Critical Care Medicine 118 (0.6%) 

The Laryngoscope 113 (0.6%) 

Sleep Science 106 (0.6%) 

European archives of oto-rhino-laryngology 98 (0.5%) 

International Journal of environmental research and public health 98 (0.5%) 

Frontiers in Neurology 97 (0.5%) 

ECK Surgery 97 (0.5%) 

Scientific Reports 97 (0.5%) 

Table 1 - Most represented journals among the articles ever published containing the term ‘sleepiness’ 

or ‘sleepy’ in their title, abstract, keywords or MeSH terms, and indexed in PubMed. 

  

Network analysis and extraction of the main semantic dimensions 

Text preprocessing and filtering 

The raw extracted corpus contained 4,173,784 words of which there were 55,466 distinct words 

before filtering and lumping. The filtering procedure on 1,186 stop-words and 37 methodology-

related words filtered out almost half of 4,173,784 words (1,841,946 filtered words, 44.1%). 

The resulting filtered corpus contains 54,792 distinct words (2,331,838 in total).  
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Lumping 

During the lumping phase, a total of 159,007 tokens (e.g., “Epworth scale”) were aggregated 

into 41 distinct lumped tokens (e.g., "ESS"). The resulting corpus after aggregation with the 

trigrams contains 1,760,301 distinct tokens and a total of 2,245,641 terms (see Supplementary 

Material: Method section for more information). 

We applied this procedure both for terms related to clinical dimensions (grouping rules 

available in the code provided in an online git repository2) and for terms related to 

neurophysiology. For the latter, the lumped tokens were obtained according to the expert-based 

following rules: 

● PSG (n=6970): psg (n=2306), polysomnograph* (n=4664)  

● EEG (n=2,106): Electro encephalograph* (n=2), electroencephalograph* (n=304), 

EEG (n=1,800) 

● MRI (n=566): Magnetic resonance imaging (212), MRI (n=267), fmri (n=87) 

● Nervous system (n=425): Nervous system* (n=425) 

● ERP (n=326): Event-related potential (n=0), Evoked potential (n=45), Event potential 

(n=58), ERP (n=74), P300 (n=149) 

● Neurophysiology (n=147): Neurophysio* (n=147) 

● Neuroimaging (n=90): Functional imaging (n=6), Neuroimaging (n=84) 

● Psychophysiology (n=75): Psychophysio*(n=75) 

● Myography (n=46): *myograph* (n=46) 

● Neuromodulation (n=15): Neuro modulation (n=1), Neuromodulation (n=14) 

● Neurostimulation (n=15): Neuro stimulation (n=0), Neurostimulation (n=14) 

● Signal Processing (n=6): Signal processing (n=6) 

● MEG (n=3): Magneto encephalograph* (n=0), meg (n=2), magnetoencephalograph* 

(n=1) 

Terms ranking 

The ten most frequent terms were: 

 OSAS (Obstructive Sleep Apnea Syndrome): n=35,692,  

                                                
2 https://github.com/vincentpmartin/lexical.network.pubmed 
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 EDS (Excessive Daytime Sleepiness): n=22,660,  

 ESS (Epworth Sleepiness Scale): n=19,237,  

 CPAP (Continuous Positive Airway Pressure): n=11,755,  

 AHI (Apnea–Hypopnea Index): n=7,983,  

 Sleep Quality: n=7,353,  

 PSG (Polysomnography): n=6,970,  

 Insomnia: n=6,302,  

 QoL (Quality of Life), n=5,633,  

 PD (Parkinson Disease), n=5,618.  

Among the terms related to neurophysiology, 6 are in the top 100 most represented tokens: 

PSG (4th), EEG (21st), MRI (36th), Nervous system (39th), ERP (42nd), Neurophysiology 

(57th). Three other terms are in the top 1,000 (Neuroimaging: 112th, Psychophysiology: 144th, 

Myography: 350th), while the remaining terms are highly underrepresented (Neuromodulation: 

2062nd, Neurostimulation: 2302nd, Signal Processing: 8195th, MEG: 24488th). As a result, 

when selecting the top 75 most represented tokens for graph construction, only the tokens 

‘PSG’,‘EEG’, ‘MRI’, ‘Nervous system’, ‘ERP’, and ‘Neurophysiology’ will be included. 

 

Automatic Extraction of Main Semantic Dimensions 

The metrics which decided  the number of topics as returned by the ldatuning package are 

reported in Supplementary Materials: Figure S1. Based on these metrics, we chose to cluster 

the tokens into 4 groups. The automatic attribution of each term into one of these four clusters 

are reported in Supplementary Materials: Table S1.  

Network analysis 

The uncorrected lexical network of the filtered, lumped, and automatically grouped tokens into 

semantic topics is depicted in Supplementary Materials: Figure S2.  

Expert correction  

Some allocation of tokens to their topic by the automatic algorithm raises questions and does 

not correspond to the knowledge of the field. For example, the token 'CPAP' which is assigned 

by the algorithm to the dimension 'Sleep disorders' instead of 'OSAS' (even though it is an 
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OSAS treatment), or the PSG which is assigned to the category 'OSAS' instead of 'Objective 

sleepiness'. An expertly corrected version of the topic allocated to each token is available in 

Table 2. Moreover, since OSAS is included in sleep disorders, we lumped these two categories 

into a unique ‘Sleep disorders’ one (the corrected lexical network before lumping is depicted 

in Supplementary Materials: Figure S3). Furthermore, for readability purposes and since 

they do not convey information, we manually filtered out highly frequent terms that did not 

carry specific meaning: ‘index sleepiness scale,’ ‘quality index sleepiness,’ ‘sleep index 

sleepiness,’ ‘sleepiness sleepiness scale,’ ‘sleepiness scale score,’ and ‘mild moderate severe.’ 

The final lexical network with tokens grouped into the expertly-corrected topics is depicted in 

Figure 3. For readability purposes, we have retained in Figure 3 only the edges representing 

partial correlations greater in absolute value than 0.086. 

 

 

 

Dim Terms Semantic dimension 

N°1 ESS; Sleep Quality; QoL; PD; PSQI; SF36; BDI; 

Neuropsy; FSS; VAS; HAD; activities daily living; 

FOSQ; SSS; KSS; sleep habits questionnaire 

 Subjective sleepiness 

(self-reported sleepiness) 

and quality of life 

N°2 Insomnia; ISI; RLS; Narcolepsy; Hypersomnia; 

ADHD; children; parasomnia; difficulty falling asleep; 

circadian rhythm sleep; prevalence sleep disorders; 

sleep disorders common; classification of sleep 

disorders; sleep disorder characterized; PD; UPDRS; 

traumatic brain injury; sleep wake disturbances; night 

time sleep; Sleep Behavior 

Sleep disturbances, sleep 

disorders and 

comorbidities 

N°3 EDS; Sleep duration; REM; MSLT; TST; PVT; 

Arousal; EEG; Hypersomnia; MWT; Sleep Behavior; 

MRI; Nervous system; slow wave sleep; ERP; sleep 

Objective sleepiness 

(neurophysiological or 

behavioral sleepiness) 
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wake cycle; sleep time sleep; Neurophysiology; PSG; 

motor vehicle accidents; heart rate variability; 

N°4 OSAS; SDB; CPAP; AHI; BMI; RDI; ODI; patients 

moderate severe; sleep breathing disorders; patients 

mild moderate; stop bang questionnaire; patients 

obstructive syndrome; upper airway resistance; lowest 

oxygen saturation; upper airway obstruction 

OSAS 

Table 2 – Expert-based attribution of tokens to semantic dimensions.  

ESS: Epworth Sleepiness Scale; QoL: Quality of Life; PD: Parkinson Disease; PSQI: Pittsburgh Sleep 

Quality Index; ISI: Insomnia Severity Index; SF36: Medical Outcome Short Form 36; BDI: Beck 

Depression Index; FSS: Fatigue Severity Scale; VAS: Visual Analogue Scale; HAD: Hopsital Anxiety 

and Depression scale; FOSQ: Functionnal Ouctomes of Sleep Questionnaire; SSS: Stanford Sleepiness 

Scale; KSS: Karolinksa Sleepiness Scale; RLS: Restless Legs Syndrome; Attention-

Deficit/Hyperactivity Disorder; PD: Parkinson Disease; UPDRS: Unified Parkinson’s disease rating 

scale;EDS: Excessive Daytime Sleepiness; Sleep duration; Rapid Eye Movements sleep; MSLT: 

Multiple Sleep Latency Test; TST: Total Sleep Time; PVT: Psychomotor Vigilance Test; EEG: 

Electroencephalography; MWT: Maintenance of Wakefulness Test; MRI Magnetic Resonance Imaging; 

ERP: Event-Related Potentials; PSG: Polysomnography; OSAS: Obstructive Sleep Apnea Syndrome; 

SBD: Sleep Disordered Breathing; CPAP: Continuous Positive Airway Pressure; AHI: Apnea-

Hypopnea Index; BMI: Body Mass Index; RDI: Respiratory Disturbance Index; ODI: Oxygen 

Desaturation Index. 
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Figure 3 – Sleepiness lexical network and its expertly corrected semantic dimensions. Each circle 

represents a token from the lexical analysis. The diameter of each circle is proportional to its frequency 

of occurrence in the corpus, and the color of each circle indicates the topic it belongs to (Green: 

Subjective sleepiness, Purple: objective sleepiness, Blue: Sleep disorders). The thickness of the links 

between the circles is proportional to the absolute value of significant partial correlations between 

them. For example, the term ‘OSAS’ is the most prevalent, and its appearance is highly correlated with 

the appearance of the term ‘PSG’, and less correlated with the term ‘FOSQ’. 

 

The complete graph contains 935 edges representing significant correlations. With a third 

quartile at 0.068, three quarters of these edges (702 edges) represent partial correlations below 

this value. In contrast, 1% of the edges are associated with partial correlations greater than 0.34 

(1st percentile), and 4 edges are associated with the same maximum correlation of r=0.4: these 
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are the edges between ‘Sleep Quality’ and ‘PSQI’, ‘OSAS’ and ‘AHI’, ‘sleep habits’ and 

‘children’, and ‘OSAS’ and ‘CPAP’.  

From a global perspective, it appears that subjective measurements of sleepiness (in green) 

interact very little with objective measures based on electrophysiological tools (in purple). In 

the middle between these two zones, the sleep disorders (in blue) are equally linked to one area 

and the other. Moreover, this network analysis also reflects a classical but nevertheless central 

association of clinical sleep medicine: the association between REM, Slow Wave Sleep, 

arousal, MSLT, MWT, EEG and total sleep time, corresponding to the PSG field; the 

association between REM, sleep behavior, and Parkinson, corresponding to the Rapid eye 

movement sleep behavior disorder (RBD) field; and the association between narcolepsy, 

MSLT, PSG and REM, corresponding to the central disorders of hypersomnolence field. 

Iterative construction of the semantic field around sleepiness. 

The cumulative number of articles based on publication years is represented in Supplementary 

Materials: Figure S4. 

As mentioned in the methodology, we tracked the temporal evolution of both predominant 

terms related to neurophysiology and the predominant terms from the lexical network obtained 

in the previous section. To ensure the highest level of accuracy without compromising the 

readability of the figures, we selected the following terms for which we also reported the year 

of appearance in the titles and abstracts of articles containing the term “sleepiness” or “sleepy”:  

● Related to neurophysiology: PSG (1978), EEG (first appearance in 1971), ERP (1986), 

Nervous system (1977), MRI (1986), Heart Rate Variability (1997), Neurophysiology 

(1987), Psychophysiology (1977) 

● Dominant terms of the lexical network: OSAS (1972), EDS (1972), ESS (1991), CPAP 

(1986), AHI (1978), Sleep Quality (1982), Insomnia (1975), QoL (1985), PD (1972) 

The ratio of articles containing each token in the articles published before year n and their 

corresponding ranks are respectively shown in Figures 4 and 5. 
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Figure 4 - Proportion of articles containing the word ‘sleepiness’ or ‘sleepy’ published before the year 

n containing each token (cumulative). For instance, in all articles published before 2013 (i.e., the 

entirety of the available literature at that time), 14% of the articles contained a token related to EDS. 

Terms related to neurophysiology are represented using dashed lines; the dominant terms of the 

network are represented using solid lines. 
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Figure 5 - Ranking of keywords contained in the abstracts and titles of articles containing the term 

‘sleepy’ or ‘sleepiness’ (cumulative). For instance, in all articles published before 2008, PSG was the 

third most frequent token (appearing at least once per article), OSAS was the second most represented, 

and EDS was the third most represented. The vacant ranking positions in the figure are occupied by 

terms that are not among those we are focusing on. Terms related to neurophysiology are represented 

using small crosses; the dominant terms of the network are represented using small filled circles. 

Overall, these figures reveal a decline in terms related to neurophysiology since the 2000s, with 

nearly all tokens related to neurophysiology decreasing or stagnating since that time. This is 

evident in the case of the flagship term, ‘EEG’: consistently in the top 10 tokens until 2001, its 

prominence has been on the decline since 1994 and now ranks 11th. It appears that ‘EEG’ has 

been surpassed by ‘PSG’ by the late 1980s, particularly due to the widespread implementation 

of the Multiple Sleep Latency Test (MSLT) and Maintenance of Wakefulness Test (MWT) in 

sleep clinics. There are two exceptions to this trend: ‘MRI,’ which shows a slight increase, and 

‘heart rate variability (HRV),’ which has steadily increased since its introduction into the 

corpus in 1997. We attribute this increase to the ease of HRV measurement, allowing for 

applications such as driving safety [67] or wearable devices [4]. 

In contrast, terms related to clinical aspects, introduced gradually throughout the 20th century, 

either show growth or remain constant, occupying the top positions. This is evident in the case 
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of the token ‘EDS,’ which has consistently held the top position since 1977 (oscillating between 

13% and 14% since 1993, but consistently ranking 1st since 1977). However, this result is not 

surprising given the corpus was selected from PubMed based on the presence of the term 

‘sleepiness’; excessive daytime sleepiness is a major symptom in sleep medicine [21,22]. Even 

more interestingly, OSAS has consistently maintained a strong presence in the literature. It has 

held the 2nd position since 1977 and has remained around 12 to 13% since 1998. The central 

role of OSAS in the field of sleep medicine related to sleepiness is thus historically established. 

From a global perspective, these figures support the hypothesis of the construction of sleep 

medicine around clinical practice fields, right from its early years. 

 

Discussion 

In this article, we have proposed an expert-guided automated analysis of various topics 

surrounding sleepiness in all the literature ever published (and referenced in PubMed) 

containing the words ‘sleepiness’ or ‘sleepy’ (i.e., 18,390 articles). We have presented two 

types of analyses: one based on a lexical network, allowing us to explore the link between 

concepts related to sleepiness in all this literature; the other allowing us to explore the temporal 

dynamics of these concepts during the development of sleep medicine. The results of these 

analyses confirm the acceleration in the number of publications around sleepiness.  

Firstly, our lexical network analysis has uncovered that the interest of the sleep community 

related to sleepiness is predominantly centered around subjective, i.e. self-reported 

questionnaires [3,33] (in green in Figure 3) and objective measures based on 

electrophysiological tools (in purple in Figure 3), i.e. sleep latency based on PSG [12,47], with 

very little interactions between them. An exception is the KSS, which is linked to the PVT: this 

comes from the methodology of developing the KSS, which was specifically designed to 

correlate with the Karolinska Drowsiness Test, a neurophysiological measure of falling asleep 

[2]. Nevertheless, it is to be noted that recent works focused on the alignment between 

subjective and objective sleepiness measurements [48,64].  

Furthermore, sleepiness serves as a crucial marker for various sleep disorders [15,21], (colored 

in blue in Figure 3), bridging the two domains of self-reported questionnaires and 
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electrophysiological sleepiness measurements. Among these sleep disorders, Obstructive Sleep 

Apnea Syndrome (OSAS) in particular has engaged researchers and clinicians from the 

inception of sleep medicine [38], explaining its importance in our lexical network. This 

network analysis also reflects other classical associations of clinical sleep medicine in 

particular around RBD and central disorders of hypersomnolence. 

Secondly, our temporal dynamic analysis has confirmed that neurophysiological approaches to 

sleepiness (e.g. based on EEG and ERP) are declining, in contrast to other specific sleepiness 

tools used by the sleep community. Despite a possible limitation due to the historical evolution 

of the vocabulary employed to describe sleepiness, these results confirm the hypothesis that 

neurophysiology has declined in favor of behavioral or self-reported dimensions in sleep 

medicine for the investigation of sleepiness, as we have already supposed in our previous 

umbrella review [44]. Interestingly, these results based on the study of previous publications 

seem to align with the current sleep clinical practice. Indeed, absent from the recommendations 

of the American Academy of Sleep Medicine or the diagnostic criteria for sleep disorders 

[21,37,51], neurophysiological investigation of sleepiness based on electrophysiological tools 

investigating brain functioning (and brain dysfunction) is not clearly used in today’s sleep 

medicine structures. 

However, our study should not underestimate the significant existing work in the study of sleep 

physiology and the mechanisms involved in sleepiness. Starting from the 1970's, numerous 

research initiatives capitalized on the polysomnographical investigation of sleep (combination 

of multiple electrophysiological signals including EEG) and the standardization of sleep stage 

scoring [55] to investigate the relationship between (neuro)physiology and sleepiness and to 

formulate underlying mechanisms. This was exemplified first through the search for a 

definition of OSAS [38]. Indeed, the pioneer clinical neurophysiology works of Gastaut et al. 

[19,20] and Guilleminault et al. [25,26] changed the paradigm from a ventilatory-centered 

approach of the Pickwick syndrome to a more complex brain-related sleep disturbance 

approach of OSAS causing sleepiness. Then, during the 1980’s, this neurophysiological-

centered approach was then applied to the study of narcolepsy, an emblematic disorder in the 

field of sleepiness. In this way, pioneering works explored the genetic link to narcolepsy [34] 

and the role of orexin in narcolepsy [40]. Moreover, the link between sleepiness and circadian 

rhythms [13] and homeostatic pressure [1,66], have provided experimental evidence to the 

Borbélys’ model of interplay between homeostatic processes and circadian rhythm that was 



 

 23 

theorized as early as 1982 [10]. Nevertheless, current measures of sleepiness and investigations 

of OSAS in clinical settings are not aligned with these seminal neurophysiological works and 

mechanistic models. While the field of sleep medicine has been structured around 

electrophysiological and clinical measures and the search for reliable criteria for sleep disorders 

diagnosis, we have identified two avenues for reintroducing neurophysiology into sleep 

medicine in order to bring sleepiness measurements closer to brain functioning. 

A first effort involves retaining the currently implemented normative electrophysiological tests 

(i.e., MSLT and MWT), based on PSG, for which healthcare professionals are trained and 

logistical processes are established across sleep centers worldwide. However, the focus could 

shift from the sole measurement of sleep onset latency which can be considered as a behavioral 

measure of falling asleep. Interestingly, in the context of sleepiness, PSG can be interpreted as 

a “boundary object” [63] between clinical sleep medicine and clinical neurophysiology, 

creating different measures used by different communities for collaborative clinical and 

research work. For instance, as early as 1986, Roth had worked on establishing the Polygraphic 

Score of Sleepiness [58], a linear combination of time spent in different sleep stages during 

PSG. This score showed significant differences between healthy subjects and patients with 

narcolepsy, idiopathic hypersomnia, and sleep apnea. Recent efforts have continued along 

these lines, particularly in the context of MSLT. Lopez et al. [41] proposed new metrics 

extracted from the same signal used to estimate sleep onset latency, such as total time in REM 

sleep and mean REM latency. These metrics demonstrated superior performance in identifying 

hypocretin deficiency in patients with hypersomnolence and narcolepsy. Similarly, novel sleep 

stages quantification methods like the VIGALL algorithm [30], the microstate analysis during 

MWT [5,16], or the study of stage transitions [17,35] represent metrics closely related to 

neurophysiology that can be extracted from electrophysiological signals already measured in 

sleep clinics, in order to investigate brain mechanisms related to sleepiness. 

A second effort is the reintegration of clinical neurophysiology into sleep medicine towards a 

virtuous circle of vocabulary precision and stratification in regards to neurophysiological 

phenomena (Figure 6). On one hand, the interpretation of electrophysiological signals in a 

neurophysiological framework must integrate with clinical “practical constraints” [65] such as 

clinical manifestations and symptoms (semiology and the different types of sleepiness 

complaints), diagnosis (sleep disorders and the different related sleepiness profiles), and 

prognosis of sleep disorders (e.g. behavioral harmful consequences such as sleepiness at the 
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wheel leading to risk of accidents) [42,52]. On the other hand, clinical neurophysiology in sleep 

medicine must integrate with neurophysiological “realistic constraints”[65], aligning with 

mechanisms of sleepiness (related to brain dysfunction) that electrophysiological signals can 

help to identify [12]. This dual constraint – neurophysiology on clinical practice and vice versa 

– fosters the development of a virtuous circle, in which various subtypes of sleepiness could 

be specified in order to contribute to a more precise medical definition and characterization of 

sleepiness contributing to better evaluate and treat it [42,45]. To summarize, clinical 

neurophysiology would establish a fresh framework for studying and defining sleepiness and 

its associated phenomena. This would break sleep medicine free from its historical 

crystallization and its inability to extract from “path dependence”[29], which is the process 

where past events constrain later events, even challenging the sleep stages themselves [36], 

which have formed the bedrock of the physiology of sleep and sleepiness since the 1960s 

[23,55]. The reinvestment in neurophysiology thus offers an avenue to construct a semiological 

ontology of sleep medicine, intertwining medical vocabulary, clinical manifestations, and 

electrophysiological measures with brain mechanisms as offered by the clinical 

neurophysiology approach in medicine.  

 

Figure 6 – Proposal of a double-constrained model to reinvest sleepiness through the lens of clinical 

neurophysiology. From left to right: clinical neurophysiology in sleep medicine must integrate 

with realistic neurophysiological constraints, aligning with mechanisms of sleepiness that 

electrophysiological signals can help to identify. From right to left: clinical neurophysiology 
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must integrate with clinical practical constraints such as clinical manifestations and symptoms, 

diagnosis, and prognosis of sleep disorders.  

To conclude, keeping in mind the importance of refining the current models of the underlying 

mechanisms of sleep and sleepiness, the intersection of clinical neurophysiology with sleep 

medicine is brimming with potential. This underscores the significance of this special issue, 

which aims to disseminate the challenges of sleep medicine to the neurophysiology community. 

Following this introductory article on sleepiness, this issue delves into the current research 

status, clinical challenges, and prospects brought forth by the reintroduction of clinical 

neurophysiology in the study of sleepiness through vigilance [REF of this special issue], the 

wake-sleep transition [REF of this special issue], awakening [REF of this special issue], and 

sleep itself [REF of this special issue]. 

Acknowledgements 

VM has received funding from the European Union's Horizon Europe research and innovation 

programme under the Marie Skłodowska-Curie grant agreement No. 101106577; CG thanks 

the Hospices civils de Lyon for their support. 

 

Data availability and code for replication 

The code we designed to obtain all the results, tables and figures in this manuscript are available 

online: https://github.com/vincentpmartin/lexical.network.pubmed 

Conflicts of interest 

 The authors declare no conflicts of interest in connection with this study.   



 

 26 

References 

 [1] Aeschbach D, Cajochen C, Landolt H, Borbely AA. Homeostatic sleep regulation in habitual 

short sleepers and long sleepers, Am. J. Physiol.-Regul. Integr. Comp. Physiol. 1996; 270: R41–

R53. 

[2] Åkerstedt T, Gillberg M. Subjective and objective sleepiness in the active individual., Int J 

Neurosci. 1990; 52: 29–37. 

[3] Åkerstedt T, Hallvig D, Kecklund G. Normative data on the diurnal pattern of the Karolinska 

Sleepiness Scale ratings and its relation to age, sex, work, stress, sleep quality and sickness 

absence/illness in a large sample of daytime workers, J. Sleep Res. 2017; 26: 559–66. 

[4] Al-Libawy H, Al-Ataby A, Al-Nuaimy W, Al-Taee MA. HRV-based operator fatigue analysis 

and classification using wearable sensors, in: 2016 13th Int. Multi-Conf. Syst. Signals Devices 

SSD, IEEE, Leipzig, Germany, 20162016;268–73. 

[5] Anniss AM, Young A, O’Driscoll DM. Microsleep assessment enhances interpretation of the 

Maintenance of Wakefulness Test, J. Clin. Sleep Med. 2021; 17: 1571–8 

[6] Baiardi S, Mondini S. Inside the clinical evaluation of sleepiness: subjective and objective tools, 

Sleep Breath. 2020; 24: 369–77. 

[7] Barnes CM, Watson NF. Why healthy sleep is good for business, Sleep Med. Rev. 2019; 47: 

112–8. 

[8] Bioulac S, Micoulaud-Franchi J-A, Arnaud M, Sagaspe P, Moore N, Salvo F et al. Risk of 

Motor Vehicle Accidents Related to Sleepiness at the Wheel: A Systematic Review and Meta-

Analysis, Sleep. 2017; 40. 

[9] Blei DM, Ng AY, Jordan MI. Latent dirichlet allocation, J. Mach. Learn. Res. 2003; 3: 993–

1022. 

[10] Borbély AA. A two process model of sleep regulation, Hum. Neurobiol. 1982; 1: 195–204. 

[11] Brown ID, Simmonds DCV, Tickner AH. Measurement of Control Skills, Vigilance, and 

Performance on a Subsidiary Task during 12 Hours of Car Driving, Ergonomics. 1967; 10: 665–

73. 

[12] Carskadon MA, Dement WC. Sleep  tendency: an objective measure of sleep  loss., Sleep Res. 

1977; 6: 940. 

[13] Czeisler CA, Kronauer RE, Allan JS, Duffy JF, Jewett ME, Brown EN et al. Bright Light 

Induction of Strong (Type 0) Resetting of the Human Circadian Pacemaker, Science. 1989; 244: 

1328–33. 

[14] Daniel RS. Alpha and Theta EEG in Vigilance, Percept. Mot. Skills. 1967; 25: 697–703. 

[15] Dauvilliers Y, Bogan RK, Arnulf I, Scammell TE, St Louis EK, Thorpy MJ. Clinical 

considerations for the diagnosis of idiopathic hypersomnia, Sleep Med. Rev. 2022; 66: 101709. 

[16] Des Champs de Boishebert L, Pradat P, Bastuji H, Ricordeau F, Gormand F, Le Cam P et al. 

Microsleep versus Sleep Onset Latency during Maintenance Wakefulness Tests: Which One Is 

the Best Marker of Sleepiness?, Clocks Sleep. 2021; 3: 259–73. 

[17] Drakatos P, Suri A, Higgins SE, Ebrahim IO, Muza RT, Kosky CA et al. Sleep stage sequence 

analysis of sleep onset REM periods in the hypersomnias, J. Neurol. Neurosurg. Psychiatry. 

2013; 84: 223–7. 

[18] Epskamp S, Waldorp LJ, Mõttus R, Borsboom D. The Gaussian Graphical Model in Cross-

Sectional and Time-Series Data, Multivar. Behav. Res. 2018; 53: 453–80. 

[19] Gastaut H, Tassinari CA, Duron B. Etude polygraphique des manifestations episodiques 

(hypniques et respiratoires) diurnes et nocturnes du syndromes de Pickwick., Rev. Neurol. 

(Paris). 1965; 112: 568–79. 

[20] Gastaut H, Tassinari CA, Duron B. Polygraphic study of the episodic diurnal and nocturnal 

(hypnic and respiratory) manifestations of the pickwick syndrome, Brain Res. 1966; 1: 167–86. 

[21] Gauld C, Lopez R, Geoffroy PA, Morin CM, Guichard K, Giroux É et al. A systematic analysis 

of ICSD-3 diagnostic criteria and proposal for further structured iteration, Sleep Med. Rev. 

2021; 58: 101439. 



 

 27 

[22] Gauld C, Lopez R, Morin C, Geoffroy PA, Maquet J, Desvergnes P et al. Symptom network 

analysis of the sleep disorders diagnostic criteria based on the clinical text of the ICSD-3, J. 

Sleep Res. 2021; 0: e13435. 

[23] Gauld C, Micoulaud‐Franchi J. Why could sleep medicine never do without polysomnography?, 

J. Sleep Res. 2021. 

[24] Grant MJ, Booth A. A typology of reviews: an analysis of 14 review types and associated 

methodologies, Health Inf. Libr. J. 2009; 26: 91–108. 

[25] Guilleminault C, Eldridge F, Dement WC. Insomnia, narcolepsy, and sleep apneas, Bull. 

Physiopathol. Respir. (Nancy). 1972; 8: 1127–38. 

[26] Guilleminault C, Eldridge FL, Dement WC. Insomnia with Sleep Apnea: A New Syndrome, 

Science. 1973; 181: 856–8. 

[27] Haider M, Spong P, Lindsley DB. Attention, Vigilance, and Cortical Evoked-Potentials in 

Humans, Science. 1964; 145: 180–2. 

[28] Heimstra NW. The Effects of ‘Stress Fatigue’ on Performance in a Simulated Driving Situation, 

Ergonomics. 1970; 13: 209–18. 

[29] Hempel CG. Aspects of Scientific Explanation and Other Essays in the Philosophy of Science, 

Philos. Sci. 1970; 37: 312–4. 

[30] Huang J, Sander C, Jawinski P, Ulke C, Spada J, Hegerl U et al. Test-retest reliability of brain 

arousal regulation as assessed with VIGALL 2.0, Neuropsychiatr. Electrophysiol. 2015; 1: 13. 

[31] Jaussent I, Morin CM, Ivers H, Dauvilliers Y. Incidence, worsening and risk factors of daytime 

sleepiness in a population-based 5-year longitudinal study, Sci. Rep. 2017; 7: 1372. 

[32] Jike M, Itani O, Watanabe N, Buysse DJ, Kaneita Y. Long sleep duration and health outcomes: 

A systematic review, meta-analysis and meta-regression, Sleep Med. Rev. 2018; 39: 25–36. 

[33] Johns M. Rethinking the assessment of sleepiness, Sleep Med. Rev. 1998; 2: 3–15. 

[34] Juji T, Satake M, Honda Y, Doi Y. HLA antigens in Japanese patients with narcolepsy, Tissue 

Antigens. 1984; 24: 316–19. 

[35] Kawai R, Watanabe A, Fujita S, Hirose M, Esaki Y, Arakawa C et al. Utility of the sleep stage 

sequence preceding sleep onset REM periods for the diagnosis of narcolepsy: a study in a 

Japanese cohort, Sleep Med. 2020; 68: 9–17. 

[36] Lambert I, Peter-Derex L. Spotlight on Sleep Stage Classification Based on EEG, Nat. Sci. 

Sleep. 2023; Volume 15: 479–90. 

[37] Lammers GJ, Bassetti CLA, Dolenc-Groselj L, Jennum PJ, Kallweit U, Khatami R et al. 

Diagnosis of central disorders of hypersomnolence: A reappraisal by European experts, Sleep 

Med. Rev. 2020; 52: 101306. 

[38] Lavie P. Who was the first to use the term Pickwickian in connection with sleepy patients? 

History of sleep apnoea syndrome, Sleep Med. Rev. 2008; 12: 5–17. 

[39] Léger D, Bayon V, Laaban JP, Philip P. Impact of sleep apnea on economics, Sleep Med. Rev. 

2012; 16: 455–62. 

[40] Lin L, Faraco J, Li R, Kadotani H, Rogers W, Lin X et al. The Sleep Disorder Canine 

Narcolepsy Is Caused by a Mutation in the Hypocretin (Orexin) Receptor 2 Gene, Cell. 1999; 

98: 365–76. 

[41] Lopez R, Barateau L, Laura Rassu A, Evangelista E, Chenini S, Scholz S et al. Rapid eye 

movement sleep duration during the multiple sleep latency test to diagnose hypocretin-deficient 

narcolepsy, Sleep. 2023; 46: zsac247. 

[42] Lopez R, Micoulaud-Franchi J-A, Barateau L, Dauvilliers Y. Une approche multi-

dimensionnelle de l’hypersomnolence, Médecine Sommeil. 2022; S1769449322002448. 

[43] Luhmann HJ, Neurophysiology, in: Encycl. Sci. Relig., Springer Netherlands, Dordrecht, 

20132013;1497–500. 

[44] Martin VP, Lopez R, Dauvilliers Y, Rouas J-L, Philip P, Micoulaud-Franchi J-A. Sleepiness in 

adults: An umbrella review of a complex construct, Sleep Med. Rev. 2023; 67: 101718. 

[45] Martin VP, Taillard J, Rubenstein J, Philip P, Lopez R, Micoulaud-Franchi J-A. Que nous disent 

les outils de mesure sur la somnolence et l’hypersomnolence chez l’adulte ? Approches 

historiques et perspectives futures, Médecine Sommeil. 2022; 19: 221–40. 

[46] Mei Q, Cai D, Zhang D, Zhai C. Topic modeling with network regularization, in: Proc. 17th Int. 

Conf. World Wide Web, 20082008;101–10. 



 

 28 

[47] Mitler MM, Gujavarty KS, Browman CP. Maintenance of wakefulness test: A 

polysomnographic technique for evaluating treatment efficacy in patients with excessive 

somnolence, Electroencephalogr. Clin. Neurophysiol. 1982; 53: 658–61. 

[48] Munkhjargal O, Oka Y, Tanno S, Shimizu H, Fujino Y, Kira T et al. Discrepancy between 

subjective and objective sleepiness in adolescents, Sleep Med. 2022; 96: 1–7. 

[49] Ohayon MM. Operational Definitions and Algorithms for Excessive Sleepiness in the General 

Population: Implications for DSM-5 Nosology, Arch. Gen. Psychiatry. 2012; 69: 71. 

[50] Page MJ, McKenzie JE, Bossuyt PM, Boutron I, Hoffmann TC, Mulrow CD et al. The PRISMA 

2020 statement: An updated guideline for reporting systematic reviews, PLoS Med. 2021; 18: 

e1003583. 

[51] Pérez-Carbonell L, Mignot E, Leschziner G, Dauvilliers Y. Understanding and approaching 

excessive daytime sleepiness, The Lancet. 2022; 400: 1033–46. 

[52] Peter-Derex L, Micoulaud-Franchi J-A, Lopez R, Barateau L. Evaluation of hypersomnolence: 

From symptoms to diagnosis, a multidimensional approach, Rev. Neurol. (Paris). 2023; 

S0035378723009852. 

[53] Radder H. The world observed/the world conceived, University of Pittsburgh Press, 2006. 

[54] Ramage D, Rosen E, Chuang J, Manning CD, McFarland DA; Topic modeling for the social 

sciences, in: NIPS 2009 Workshop Appl. Top. Models Text Beyond, 20092009;5:1–4. 

[55] Rechtschaffen A, Kales A. A manual for standardized terminology, techniques and scoring 

system for sleep stages in human subjects, UCLA, 1968. 

[56] Renganathan V. Text Mining in Biomedical Domain with Emphasis on Document Clustering, 

Healthc. Inform. Res. 2017; 23: 141. 

[57] Reynolds CF, Coble P, Holzer B, Carroll R, Kupfer DJ. Sleep and Its Disorders, Prim. Care 

Clin. Off. Pract. 1979; 6: 417–38. 

[58] Roth B, Nevšimalová S, Šonka K, Dočekal P. An Alternative to the Multiple Sleep Latency Test 

for Determining Sleepiness in Narcolepsy and Hypersomnia: Polygraphic Score of Sleepiness, 

Sleep. 1986; 9: 243–45. 

[59] van Schie MKM, Lammers GJ, Fronczek R, Middelkoop HAM, van Dijk JG. Vigilance: 

discussion of related concepts and proposal for a definition, Sleep Med. 2021; 83: 175–81. 

[60] Scott AJ, Webb TL, Martyn-St James M, Rowse G, Weich S. Improving sleep quality leads to 

better mental health: A meta-analysis of randomised controlled trials, Sleep Med. Rev. 2021; 60: 

101556. 

[61] Shen J, Barbera J, Shapiro CM. Distinguishing sleepiness and fatigue: focus on definition and 

measurement, Sleep Med. Rev. 2006; 10: 63–76. 

[62] Sounderajah V, Ashrafian H, Aggarwal R, De Fauw J, Denniston AK, Greaves F et al. 

Developing specific reporting guidelines for diagnostic accuracy studies assessing AI 

interventions: The STARD-AI Steering Group, Nat. Med. 2020; 26: 807–8. 

[63] Star SL, Griesemer JR. Institutional Ecology, `Translations’ and Boundary Objects: Amateurs 

and Professionals in Berkeley’s Museum of Vertebrate Zoology, 1907-39, Soc. Stud. Sci. 1989; 

19: 387–420. 

[64] Stephan A, Cataldi J, Virk AS, Siclari F. Snapshots of the sleepy brain: high-density EEG and 

subjective sleepiness upon awakening, Sleep Med. 2022; 100: S39. 

[65] Sullivan JA. Coordinated pluralism as a means to facilitate integrative taxonomies of cognition, 

Philos. Explor. 2017; 20: 129–45. 

[66] Van Dongen HPA, Maislin G, Mullington JM, Dinges DF. The Cumulative Cost of Additional 

Wakefulness: Dose-Response Effects on Neurobehavioral Functions and Sleep Physiology From 

Chronic Sleep Restriction and Total Sleep Deprivation, Sleep. 2003; 26: 117–26. 

[67] Vicente J, Laguna P, Bartra A, Bailón R. Drowsiness detection using heart rate variability, Med. 

Biol. Eng. Comput. 2016; 54: 927–37. 

[68] Young TB. Epidemiology of daytime sleepiness: definitions, symptomatology, and prevalence, 

J. Clin. Psychiatry. 2004; 65 Suppl 16: 12–16. 

 


