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Moving into the “Big Data” era means moving away from 
reliance on small, underpowered clinical studies and analy-
sis of limited data types, to an era where large, complex, and 
well-annotated datasets containing a full spectrum of clinical, 
physiological, imaging, and biological data can be reliably gen-
erated, easily accessed, and robustly analyzed. The potential of 
“Big Data” is especially pertinent to the field of Sleep Medi-
cine. Notably, the richness of multi-channel physiological sleep 
and circadian data collected in clinical as well as in special-
ized research settings, if appropriately acquired, analyzed, and 
archived, and combined with other clinical and biological in-
formation, could significantly enhance efforts to identify likely 
phenotypes of cardiorespiratory, neurological, and psychiatric 
traits. The likely fundamental importance of sleep and circadian 
biology to all aspects of health, and their essential, integrative 
role in numerous physiological processes,2 provide opportuni-
ties to accelerate discovery of many disease mechanisms and 
interventions and to improve patient outcomes.

Leveraging sleep data to support patient-oriented outcome 
studies, clinical trials, genetic epidemiological, and other stud-
ies, especially those that take advantage of “Big Data,” requires 
the field to address several technical, logistical, organizational, 
and scientific challenges. One key need is to adopt methods that 
permit reliable acquisition and quantification of clinically and 
physiologically relevant sleep study metrics in large numbers 
of patients across multiple clinical and research settings. Clini-
cally generated and clearly defined sleep metrics must be eas-
ily incorporated into electronic health records to support much 
needed outcomes research. For research, metrics should be ap-
propriate for testing hypotheses about genetic and epigenetic 
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etiologies (mechanisms) and for evaluation of intervention 
effects. Measurement error of sleep study findings should be 
minimized to limit random misclassification, which acts to at-
tenuate detection of true associations. Error-minimizing meth-
ods are needed so that disease detection and classification do 
not vary according to where a sleep study is done, how the data 
are acquired, who scores it, or what technique they used to score 
it. The results of the sleep study will then be truly portable such 
that all who see the results will be presented with comparable 
information from which to make inferences. Achieving these 
research and clinical goals requires adoption of methods across 
centers that minimize noise in the data engendered by use of 
varying acquisition parameters and analytical methods as well 
as the inherent variability associated with manual identification 
and classification of events (scoring). Given economic impera-
tives, it is also necessary that measurements and analyses are 
made in a cost-efficient manner.

What have been the roadblocks to progress in minimizing 
error variance in sleep measures? Of course, the answer is 
multifaceted. Two related bottlenecks have been knowledge 
gaps regarding the links between physiological perturbations 
and clinical outcomes, and the complexities and vagaries in 
our measurement approaches. Ideally, the process of charac-
terizing sleep traits would include (1) choosing variables that 
plausibly reflect underlying pathophysiological or genetic pro-
cesses; (2) determining how to collect and quantify the sig-
nals reflecting those variables, (3) defining and identifying the 
properties of those variables that are abnormal; and (4) and 
validating a linkage between these events (in terms of mag-
nitude of abnormality, frequency, or duration) and various 
health outcomes or intervention responses. Applying this pro-
cess to data acquired from multiple channel sleep studies has 
been challenging. While polysomnography (PSG) can provide 
comprehensive information on dynamic changes in neuro-
physiological and cardiorespiratory parameters over a period 
of hours, its application across large samples of individuals, 
especially when facilitated by sampling geographically diverse 
populations, is complicated by a need to standardize scoring or 
quantitative automated output.

“ The era of ‘Big Data’ has arrived. There is an urgent need and increased opportunity for increased collaboration and 
coordination of access to, and analysis of, the many different data types that make up this revolution in biological 
information, including genomics, imaging and phenotypic data from electronic health records.”1

Francis Collins, PhD, Director, National Institutes Health
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Factors that can adversely influence standardized scoring 
output may be present at virtually each level of the sleep study 
process. Assuming there is agreement on what sleep metrics 
provide discriminative or prognostic information, there are 
challenges in deciding how to: (1) acquire and visualize the 
appropriate signals; (2) operationalize definitions of scored 
annotations; (3) ensure that such scoring is reliable between 
and within technicians and across laboratories. In this issue of 
SLEEP, several of these areas are addressed in three interrelat-
ed articles that report the reliability of scoring PSG data. Top-
ics covered by these articles include: (1) the across-laboratory 
agreement of scored data from PSGs that were collected at a 
single site and imported into different scoring platforms at 9 
study sites for local analysis3; (2) the degree to which the reli-
ability of PSG variables vary within and across study sites as 
well as the degree to which different definitions influence the 
reproducibility of hypopnea detection4; and (3) the reliability 
of an automated computer scoring algorithm compared to a 
manual scoring.5 These articles also raise questions regarding 
which measurement approaches may be most applicable for 
multicenter sleep research and local versus centralized sleep 
scoring in supporting multicenter research.

In this commentary, we review some of the key issues related 
to signal acquisition and scoring reliability that we believe are 
relevant to understanding the reliability of PSG data and pro-
vide a framework to consider both when interpreting the results 
of reliability studies and in designing multi-center research in 
anticipation of moving into the “Big Data” era.

Signal Acquisition: To achieve the potential promised by 
“Big Data” initiatives, physiological data from many sites need 
to be harmonized so data from different sources can be eas-
ily combined and compared. To achieve harmony when data 
are collected using different equipment across sites, there is 
an initial need to understand how signal acquisition influences 
assessment of the physiological outcome. Although identical 
equipment across sites may not be necessary to obtain con-
sistent results, it is critical that the technical aspects of data 
acquisition (sensor properties, acquisition system sampling al-
gorithms, storage, etc.) are defined in order to assure the output 
provides appropriate physiological measurement (in terms of 
fidelity, physiological sensitivity, etc.). Harmonization of data 
acquisition procedures is easiest when there are fixed and ob-
jectively applied criteria for signal acquisition (and confirmato-
ry calibration is feasible). This is exemplified in PSG recording 
of the electroencephalogram (EEG), electrooculogram (EOG) 
signals, and electrocardiogram (ECG). For these measures, 
the sensors (electrodes) are generally of a uniform nature and 
positioning, and sampling frequencies, filters, and signal am-
plitudes may be “set”/calibrated to community-wide standards 
that can be accommodated by commercially available acquisi-
tion devices regardless of brand.

It is a greater challenge to standardize collection of other sig-
nals including various pressures (e.g., “nasal pressure,” positive 
airway pressure), thermistry, thoraco-abdominal excursion, ox-
imetry, etc. Further challenges are introduced by brand differ-
ences in sensor properties. Although of lesser concern in studies 
performed at a single center where the same sensors/acquisition 
system are employed for all research subjects, it is a substantial 
consideration when data are collected at multiple sites using 

systems with different properties and algorithms. Moreover, 
even when data have been collected at a single center, extrapo-
lation of the results to clinical practice may be limited by use 
of different systems in research and community-based clinical 
laboratories. It is also important to consider that the use of sev-
eral new technologies, including those used in some home sleep 
test devices, fundamentally differ from traditional PSG sensors, 
potentially limiting harmonization.

Multicenter research data are most easily harmonized by 
proactively selecting study equipment, sensors, and record-
ing montages that are similar if not identical across sites. This 
approach was employed by several large-scale multicenter or 
longitudinal studies6-11 that used the same home-based signal 
acquisition system across sites, and studies were scored at a 
central sleep reading center. Another approach to multicenter 
studies may be to leverage existing equipment and expertise at 
various clinical facilities for research application, even when 
these facilities use different PSG systems. Such was the case 
for a recent multicenter pediatric sleep apnea trial where sleep 
studies were conducted in seven academic sleep centers using 
equipment that was non-homogeneous across the centers.12 To 
ensure consistency in data collection, a common protocol was 
developed and all sites underwent site visits and training and 
were asked to modify sensors and montages to ensure inter-site 
comparability. Research data collection only began after each 
“bed” was certified to provide a standard output. With close 
monitoring of data quality, comparable data were obtained from 
each site over a 5-year period. This experience supports the fea-
sibility of using varying equipment to provide data for central 
scoring using a single platform, as long as appropriate attention 
is paid to certification procedures and quality control.

Scoring Reliability: While inter-laboratory differences in 
sensors and signal acquisition algorithms are a concern, as re-
cently noted13,14 one of the greatest barriers to standardization is 
the visual and largely subjective nature of sleep stage and event 
identification that characterizes current PSG. Although there 
are published scoring guidelines,15 identification and categori-
zation of specific sleep attributes (e.g., sleep stage, hypopneas, 
obstructive vs. “central” pattern) are done by visual inspection, 
usually without the aid of tools that quantify the signals to en-
sure that the defining criteria are met. This forces reliance on 
the scorer’s visual perception and judgment. Both will be in-
fluenced by training, experience, and focus/distraction, all of 
which may vary across scorers and within scorers over time. 
The issue may be compounded in multicenter research when 
scoring standardization has not been achieved across different 
signal acquisition, processing equipment and scoring software 
across the sites.

The American Academy of Sleep Medicine (AASM) has 
recognized the importance of standardized, reliable PSG scor-
ing for clinical applications.16 Sleep laboratory accreditation 
now requires demonstration of scorer reliability. To facilitate 
this, the AASM has developed an interscorer reliability (ISR) 
program. The results of this program with respect to visual 
sleep stage scoring were recently reported.13 Over 2,500 tech-
nicians from accredited laboratories scored a set of studies 
using a common visual display of test epochs. Overall, they 
showed 83% agreement for epoch-by-epoch staging; how-
ever, more disagreement was observed for identification of 
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stages N1 and N3 and for identification of sleep stage transi-
tions. This exercise attests to the abilities of the trained scor-
ers, unblinded to the test condition, to accurately recognize 
sleep stages using one visual display. However, while the ISR 
program is a needed, welcome, and in its context a successful 
innovation, it may overestimate reliability because: assess-
ments were made during explicit scoring evaluations (which 
may not represent typical work conditions); scorers used a 
common visualization display; and statistical assessment did 
not adjust for “chance” agreement.

The article by Magalang and colleagues3 examined inter-
scorer reliability of nine scorers, each located at different sites. 
Scorers were asked to use locally available PSG software to 
score the same test set of 15 PSGs collected at a single site 
and converted to European Data Format (EDF) files. Thus, 
the reported reliability is likely a reflection of both interscorer 
as well as across-site factors, including software differences. 
Scorers had at least 5 years’ experience and participated in a 
minimal protocol-specific training exercise (reviewed a slide 
set and manual). The highest interscorer reliability index was 
observed for the oxygen desaturation index (ODI), a metric that 
was (as is the usual case) automatically generated and therefore 
does not require scorer interaction (intraclass coefficient, ICC: 
0.97). The apnea-hypopnea index (AHI) scored using the 2007 
recommended AASM definition of hypopnea also was highly 
reliable (ICC: 0.95), likely benefiting from the ease of identify-
ing events when linked to clear desaturations. Lower levels of 
reliability were observed for other metrics, including respira-
tory disturbance subtypes (central events, obstructive events, 
and mixed events), some of which varied by as much as 5-fold 
in magnitude across sites, as well as sleep stage agreement, 
which showed an ICC of only 0.21 for stage N1, which is con-
siderably lower than the reliability reported by Rosenberg (63% 
level of agreement). In addition, reliability metrics were lower 
than what has been reported for centrally scored data represent-
ing a wide range of signal quality from studies collected in an 
unattended setting.7,17

Kuna and colleagues4 in this issue of SLEEP evaluated intra-
site as well as across-site scoring reliability; they also examined 
how reliability varied with hypopnea definitions.4 In their study, 
70 research PSGs selected to meet high quality standards from a 
single site were exported in EDF and were manually scored by 
2 technicians at each of 5 sites (using various computer-assisted 
scoring systems). The scorers were at AASM accredited labo-
ratories and had at least 4 years’ experience but did not undergo 
common training for this protocol. Intrasite scorer reliability 
was determined by comparing the output of the two scorers at 
each site; across-site reliability was assessed by evaluating the 
level of agreement across sites for the average scored output of 
each site’s paired scorers. The highest level of agreement was 
for an automatically generated metric, the average SpO2 (ICC: 
0.99). In this sample of studies with generally low AHI lev-
els (mean 7.4), very high reliability also was observed for the 
overall AHI (ICC: 0.98). However, large interscorer variabil-
ity was observed for hypopnea identification, which varied in 
magnitude by 2-fold from the scorer with the lowest compared 
to highest scored number. An important contribution was made 
by Kuna and colleagues4 in showing that scoring done locally 
across centers yielded reliability in hypopnea scoring that was 

dependent on the criteria employed to define these events. Low-
er agreement was observed for the AASM alternate hypopnea 
definition (ICC: 0.73) and the Chicago Criteria (ICC: 0.53)18 
compared to the 2007 AASM recommended definition (ICC: 
0.84). As in the study by Magalang et al.,3 relatively low lev-
els of agreement were observed for respiratory event subtypes 
(e.g., central apneas), arousals, and some sleep stage variables, 
with the ICC for N3 only 0.40.

Thus, the results of the studies by both Kuna et al.4 and 
Magalang et al.3 in this issue of SLEEP support the feasibility 
of localized scoring of signals collected using the same sys-
tem and analyzed using disparate software by an experienced 
scoring staff when the primary study metric is the overall AHI. 
However, the lower reliability for other measures suggest that 
this approach may be suboptimal when study outcomes include 
event subtypes or stage distributions, where significant misclas-
sification may be introduced by use of disparate software and 
a distributed scoring team. These studies also do not address 
the possible “drift” over time in scoring, a critical concern in 
clinical and epidemiological research. The poorer reliability for 
hypopneas detected using current scoring criteria compared to 
2007 standard criteria by some laboratories also point to the 
need for training and quality control to ensure that technicians 
are appropriately trained to consistently identify events using 
discernible amplitude criteria, arousal identification, and lesser 
degrees of desaturation.

The variable levels of reliability for some indices, even by 
experienced technicians working in accredited laboratories, 
also raises the need to consider more objective approaches to 
generate PSG metrics. In the current issue, Malhotra and col-
leagues hypothesized that application of a computerized scoring 
algorithm would lead to acceptable scoring reliability.5 Using 
the average of the manually scored indices from the 70 stud-
ies reported by Kuna et al.4 in this issue of SLEEP, the inves-
tigators reported that a proprietary scoring program achieved 
scoring reliability comparable to what was observed between 
human scorers. Notably, the ICC for a summary of the manual 
versus automated scored AHI was remarkably high (0.97). Re-
liability coefficients also were moderate to high for most other 
PSG parameters, and similar to the prior studies, were relatively 
low for N3 (0.47) and lowest for REM arousal index (0.39). 
Systematic misclassification of some PSG parameters also was 
observed (e.g., stage N3% [59% vs 30.4% for automated vs. 
manually scored; REM AHI [22.7 vs 36.2]). Although this re-
port supports the potential utility of automatic scoring to pro-
vide objective and reproducible results, there needs to be future 
consideration of not only reliability but validity. This begs the 
question of what is the gold standard to which automated scor-
ing should be held.

When considering the generalizability of the findings re-
ported in this issue, it is important to note that the data reported 
by both Kuna et al.4 and Malhotra et al.5 were from a single 
research study using home-based PSGs (level II) with a low 
average AHI (7.4). Scoring reliability was not assessed from 
PSGs integrated into the normal work flow of scorers, and thus, 
the “testing” conditions may have altered scoring practices. Is-
sues related to pediatric scoring, which can be quite complex 
due to subtle changes in breathing, high arousability, low de-
saturation events, and high levels of EEG slow wave activity 
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remain to be addressed, as does reliability of level III home 
sleep testing systems. Although the impact of changing criteria 
for amplitude and desaturation were appropriately considered 
for hypopnea identification, future efforts need to consider pos-
sible additional variability associated with the co-occurrence of 
limb movements and cortical or subcortical arousals.

Magalang et al.3 and Kuna et al.4 have done the clinical re-
search field a service by objectively testing the reliability of 
a scoring paradigm that in concept would be more cost-effi-
cient for multicenter research than the central reading station 
paradigm that has been used in several large studies of the last 
two decades. On the positive side, these studies suggest that 
the AHI as defined using the AASM 2007 standard definition 
can be visually scored by experienced technicians with high 
interscorer reliability across laboratories using different scor-
ing software. Automatically derived outputs, such as levels of 
oxygen desaturation, may be even more reliably measured. As 
discussed by these investigators, local scoring is logistically 
simpler than central scoring and may expedite the initiation of 
cross study protocols, including those occurring internation-
ally. These investigators also appropriately identify the chal-
lenges in exporting data into EDF format to allow centralized 
scoring using a single platform and the complexities associated 
with electronic transmission of data to a central reading cen-
ter. The latter concerns are ones that have generated important 
discussions among academics, clinicians, and representatives 
from industry. Fortunately, new open source software has been 
developed that markedly eases the ability to normalize and de-
identify EDF header information (circumventing inconsisten-
cies in local EDF export routines and removing protected health 
information). It also supports signal analysis and should facili-
tate the transfer of such files across sites (http:\\sleep.partners.
org\EDF). Secure file transfer protocols are now used routinely 
and are amenable to transfer of even large PSG files.

In further considering the role of local laboratories in mul-
ticenter research, it is important to recognize that the current 
articles show that even in accredited sleep laboratories, scoring 
reliability is less than desirable for respiratory event subtypes, 
some sleep stage determinations, and stage-specific AHI. Of 
particular concern is the low reported reliability for N3, a fea-
ture of sleep that has been associated with numerous physiolog-
ical functions, including hypertension incidence.19 Even modest 
levels of measurement error (shown by ICCs below 0.60), can 
attenuate the strength of the observed relationship among vari-
ables of interest; more severe measurement errors may dra-
matically reduce the likelihood of observing associations of 
interest.20 For example, when the true correlation between a 
sleep variable and a health outcome is strong as noted by an r = 
0.70, but when the variables are measured with moderate error 
(measurement r = 0.40), the observed correlation will only be 
r = 0.28. In contrast, if the same variables were more reliably 
measured (measurement r = 0.80), the observed correlation 
doubles (r = 0.56). This bias to the null could have devastating 
effects on otherwise well-designed research protocols.

Is the high reported between-lab reliability for the ODI and 
AHI sufficient justification to use local scoring approaches for 
multicenter research? If the sole research outcome is the overall 
AHI, the answer may be yes, especially if rigorous training of 
scorers is conducted and ongoing performance is monitored. 

However, an exclusive focus on the overall AHI will limit the 
research study’s ability to evaluate more specific relationships 
and sleep disorder phenotypes, including those which may be 
genetically determined or linked to health outcomes. In con-
trast, central scoring using a single software platform can 
achieve high levels of reliability for both sleep and breathing-
related parameters, including the AHI derived using the current 
AASM hypopnea definition.17 However, as described before,9 
high levels of scoring reliability for the range of PSG param-
eters requires quality control procedures that are likely more 
intensive than are typical in today’s clinical settings and are 
much more intense than those described in the reports in this 
issue. Whether higher levels of reliability than those reported in 
the current studies can be achieved with local scoring through 
more intense scorer training, scorer monitoring, and feedback; 
use of a single scoring platform (as was the case in the large 
multicenter studies that employed central scoring) possibly ac-
cessed through a web portal; or with use of a wider range of test 
PSGs are important areas to consider in future research. If the 
wealth of data embedded within the PSG is to be used optimally 
either clinically or for research, additional effort is needed to 
improve reliability in more routine settings other than found in 
central sleep reading centers. Furthermore, given the richness 
of the varied, dynamic physiological information recorded over 
hours within the PSG, there are important opportunities to vali-
date and disseminate objective, quantitative analyses software 
programs, such those that compute power spectra of the EEG 
and ECG, providing potentially richer information in regard to 
sleep architecture and heart rate variability than is generated by 
either binary classification of sleep stages or by summary mea-
sures of heart rate and sleep stage distributions. An advantage 
of central scoring of data may be that this approach can facili-
tate the archival of harmonized, de-identified sets of physiolog-
ical signals, which also could be linked to national databases of 
genetic, imaging, and clinical data—a goal consistent with “Big 
Data” initiatives. 

The articles by Magalang et al.,3 Kuna et al.,4 and Malhotra 
et al.5 make important contributions to understanding scoring 
reliability and the promise for improvement in the setting of 
multicenter research. In addition, it is essential to note that 
while reliability of reporting is critical, scoring reliability does 
not address whether the most physiologically relevant variables 
are being collected. This remains one other critical direction 
in which to proceed as we move forward in multicenter sleep 
research. Ultimately, the decision of how to structure a mul-
ticenter study, and whether to use local or central scoring re-
sources, needs to balance costs and resources and study needs 
and objectives (e.g., scope of outcomes).

Whether the reliability of PSG scoring in research and clini-
cal settings can be improved through use of automated systems 
remains to be seen but clearly warrants exploration. Automat-
ed scoring is a promising method to both improve reliability 
as well to reduce cost and facilitate exploration of better dis-
ease detection and outcomes. However, as noted above, more 
research is needed to determine how such systems should be 
validated as well as how they should be operationalized within 
and across investigational studies in adult and pediatric popula-
tions. Additional potential advantages of validated automated 
systems include the ability to reprocess original signals using 
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different settings to test whether different definitions of events 
provide better or greater insights into associations and causal 
relation to outcomes of interest; and objectivity. These features 
are attractive as we move into the “Big Data” era. However, if 
automated scoring is to be used in research, the algorithms used 
to define and measure variables should be disclosed; the com-
parability of collecting systems (in their aggregate, including 
inputting sensors and signal processing and properties of the ac-
quisition systems) across the field sites should be documented; 
methods for standardizing different systems across sites should 
exist; and if automated systems of different brands are used 
within the same study, comparability data should be presented.

Despite these challenges, there are enormous opportunities 
for Sleep Medicine to make important contributions in Big Data 
initiatives. Embracing the rich multidimensional data that com-
prise the foundation for Sleep Medicine, while working to im-
prove the consistency in collection and scoring, and developing 
well-defined data archives accessible to the community that can 
be used for a wide range of purposes, including quantitative 
signal analysis, will pave the way for sleep data to be integrated 
into the powerful databases of genomic, imaging and health 
outcome data that promise to transform science and health.
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