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Abstract

Many studies have sought to describe the relationship between sleep disturbance and cog-
nition in Parkinson’s disease (PD). The Parkinson’s Disease Sleep Scale (PDSS) and its
variants (the Parkinson’s disease Sleep Scale-Revised; PDSS-R, and the Parkinson’s Dis-
ease Sleep Scale-2; PDSS-2) quantify a range of symptoms impacting sleep in only 15
items. However, data from these scales may be problematic as included items have consid-
erable conceptual breadth, and there may be overlap in the constructs assessed. Multidi-
mensional measurement models, accounting for the tendency for items to measure multiple
constructs, may be useful more accurately to model variance than traditional confirmatory
factor analysis. In the present study, we tested the hypothesis that a multidimensional
model (a bifactor model) is more appropriate than traditional factor analysis for data gener-
ated by these types of scales, using data collected using the PDSS-R as an exemplar. 166
participants diagnosed with idiopathic PD participated in this study. Using PDSS-R data, we
compared three models: a unidimensional model; a 3-factor model consisting of sub-factors
measuring insomnia, motor symptoms and obstructive sleep apnoea (OSA) and REM sleep
behaviour disorder (RBD) symptoms; and, a confirmatory bifactor model with both a general
factor and the same three sub-factors. Only the confirmatory bifactor model achieved satis-
factory model fit, suggesting that PDSS-R data are multidimensional. There were differential
associations between factor scores and patient characteristics, suggesting that some
PDSS-R items, but not others, are influenced by mood and personality in addition to sleep
symptoms. Multidimensional measurement models may also be a helpful tool in the PDSS
and the PDSS-2 scales and may improve the sensitivity of these instruments.
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Introduction

A number of factors act to disrupt sleep in Parkinson’s disease (PD), including primary sleep
disorder, such as insomnia or REM sleep behaviour disorder (RBD) and sleep disturbance sec-
ondary to the symptoms of PD (e.g. dystonia, rigidity or medication effects). The Parkinson’s
Disease Sleep Scale (PDSS) [1] and its variants (the Parkinson’s disease Sleep Scale-Revised;
PDSS-R, [2] and the Parkinson’s Disease Sleep Scale-2; PDSS-2 [3]) measure a range of symp-
toms that commonly disrupt sleep in PD. These scales have, therefore, been widely imple-
mented. Research applications have been varied including, for example, the exploration of
how non-motor symptoms interact, [4] and outcome measures in clinical trials. [5,6]

Data derived from the PDSS scales may, however, be problematic as they measure a large
number of symptoms in relatively few items. [7] The published factor analyses of the PDSS
and PDSS-2 have all have employed Principal Components Analysis, [3,8,9] precluding evalua-
tion of model fit. Moreover, evidence suggests that the development and experience of PD
symptoms vary in different types of patients. For example, motor and non-motor symptoms
diverge in men and women. Objective symptom assessment has shown men tend to be more
severely affected while women are more open to reporting difficulty. [10]

Taken together, these issues are of concern. As the PDSS scales are now ubiquitous, used
widely both in clinical practice and medication trials, it is critical that we understand the
degree to which these scales measure sleep and the ways in which they are vulnerable to sys-
tematic bias. To examine these issues, we first need a robust factor model.

Considering both the nature of the PDSS scales and the population for which they were
designed, a multidimensional measurement model may be appropriate for the analysis of
PDSS data. While traditional factor analytic techniques assume that each item measures a sin-
gle construct, multidimensional measurement models allow items simultaneously to measure
more than one construct. Morin, Arens and Marsh describe the concept of construct relevant
multidimensionality, “. . .items are very seldom pure indicators of the constructs they are pur-
ported to measure. Rather, they tend to be fallible indicators including at least some degree of
relevant association with constructs other than the main constructs that they are designed to
measure.’. ([11]; p.6) A bifactor model partials out covariance common to all scale items into a
single, ‘general’ factor while simultaneously identifying sub-factors, sharing unique covari-
ances, as one would using traditional factor analysis. [11]

Variables such as disease duration, severity, medication, sex, age, personality and mood
may be important sources of construct relevant multidimensionality in PDSS items. These
scales, however, have not yet been examined within a multidimensional measurement frame-
work. The examination of associations between PDSS factors and the aforementioned parame-
ters will inform about the interplay between patient characteristics and different aspects of
sleep in PD.

The present study tests the hypothesis that data from the PDSS scales are best modelled
using a multidimensional technique using data collected via the Parkinson’s Sleep Scale-
Revised. [2] Models for comparison were determined by examining how PDSS scales are cur-
rently used. Total scale scores are most frequently reported, ergo the first model tested was a
single factor confirmatory factor analysis (CFA). We then identified the theoretical constructs
assessed by the PDSS-R: 1. Insomnia; 2. Motor symptoms disturbing sleep; and, 3. obstructive
sleep apnoea (OSA) and REM sleep behaviour disorder (RBD) symptoms. Items measuring
these two disorders were clustered together as they frequently co-occur in PD [12] and symp-
toms may overlap (severe OSA may present as pseudo-RBD). [13] Thus, the present study
compares the fit of three models: a 1 factor CFA; a 3 factor CFA; and, an orthogonal confirma-
tory bifactor model with the one general and three specific factors combined. Associations
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between factor scores from the best fitting model and sample parameters (age, sex, disease
duration, severity, medication, neuroticism, and mood) were then examined.

Methods

The study was approved by the Human Research Ethics Committees of the University of West-
ern Australia, Edith Cowan University, and Curtin University. All participants provided writ-
ten, informed consent.

Participants

PDSS-R data were collected as part of a longitudinal study examining disease progression in a
community cohort of people with PD. [14] One hundred and eighty-six participants with idio-
pathic PD (diagnosed by a neurologist or geriatrician in accordance with United Kingdom
Parkinson’s Disease Society Brain Bank Clinical Criteria) [15] completed the scale. Participants
were recruited through Parkinson’s Western Australia community events, support groups,
advertisements and referral from health professionals. Participants with significant cognitive
impairment (< 24 on the Mini-Mental State Examination; N = 11) or neurological co-morbid-
ities (N = 9) were excluded, leaving 166.

Measures. Demographic data were collected, including medical history, medication, age,
and date of diagnosis. Neuroticism was measured using the Big Five Aspects Scale (BFAS).

[16] Mood was measured using the total score of the short form Depression, Anxiety and
Stress Scale (DASS-21). [17]

The Parkinson’s Disease Sleep Scale-Revised (PDSS-R). The PDSS-R is a 15-item, self-
administered scale in which patients rate aspects of sleep affected in PD. Participants respond
by placing a mark on a visual analogue line, where 0 indicates ‘excellent’ or ‘never’ and 10 indi-
cates ‘awful’ or ‘always.” The PDSS-R measures overall sleep quality, sleep initiation and main-
tenance, nocturia, sleep disruption due to ‘wearing-off’ symptoms, restless limbs, RBD, OSA,
dystonia, sleep refreshment, and sleep attacks. Higher scores indicate poorer sleep.

Analyses. Data screening, descriptive and correlational analyses were performed using
SPSS, IBM (Version 22).

Missing data (<5%) were missing completely at random; Little’s MCAR x*(56) = 55.34,

p =.05. As the PDSS-R data were positively skewed and imputation methods assume a normal
distribution, we did not impute missing values.

Models were created in Mplus for Windows (v7.2). The data did not meet the assumption
of normality and our covariates were ordinal or skewed; therefore, we selected maximum
likelihood with robust standard errors (MLR) as our model estimator in accordance with rec-
ommendations for modelling data of this type. Models were adjusted in accordance with mod-
ification indices, provided i) the model had close fit before adjustment; ii) the modification
indices were >10, and iii) the suggested modifications were theoretically justifiable. [18]

Factor scores were correlated with age, disease duration, disease severity (Hoehn and Yahr
score; H&Y), Levodopa equivalent dose (LED), mood, and neuroticism (BFAS neuroticism
sub-scale score). Relationships between sex and factor scores were assessed using Mann-Whit-
ney U tests.

Results

Participants were 41-85 years of age (M + SD 66.13 + 9.29) with > 1-27 years’ disease duration
(M £ SD 5.44 + 4.97 years). Hoehn and Yahr scores ranged from 1-4 (M + SD 1.83 £ 0.64),
and 110 participants (66.3%) were male. Table 1 contains descriptive statistics for PDSS-R
item scores.
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Table 1. Means, standard deviations and standardised factor loadings for PDSS-R data.

Item Mean (SD) | % of sample who did not endorse this | General | Insomnia OSA/RBD Motor
item Score < 1 symptoms Symptoms

1. Overall sleep quality 4.60 (2.66) 7.8% 0.49% 0.72%

2. Difficulty falling asleep 2.96 (2.66) 32.5% 0.47% 0.25t

3. Difficulty staying asleep 4.91 (2.94) 10.9% 0.49% 0.64%

4. Restless Limbs 3.58 (3.09) 29.3% 0.41% 0.66

5. Violent Behaviour 1.80 (2.63) 66.3% 0.32% 0.51%

6. Distressing dreams 1.99 (2.47) 55.4% 0.46% 0.261

7. Snore loudly and breathing pauses (Both) 3.06 (3.21) 42.9% 0.2371 0.41%

8. Wake up gasping for air .85 (1.61) 81.9% 0.52% 0.68%

9. Difficulty going back to sleep because of stiffness, | 2.93 (2.88) 41.0% 0.72% 0.34

tremor, or slowness

10. Nocturia 2.23(2.91) 54.8% 0.55%

11. Painful muscle cramps 2.86 (2.86) 38.6% 0.57% 0.13

12. Early morning painful posturing of arms or legs | 2.61 (2.93) 48.2% 0.57% 0.24

13. Waking tremor 2.44 (3.02) 54.8% 0.43% 0.10

14. Unrefreshing sleep 3.28 (2.82) 29.5% 0.69% 0.07

15. Sleep attacks 2.56 (2.58) 40.2% 0.35%

Total Score 42.64 N/A N/A N/A N/A N/A
(23.08)

T significant at .05 level;

* significant at .01 level

https://doi.org/10.1371/journal.pone.0192394.t001

Table 2. Model fit indices for the 1 factor CFA, the 3 factor CFA and the confirmatory bifactor model.

Model fit statistics are reported in Table 2. Fit indices for both the 1 and 3-factor CFAs sug-
gest model misspecification while the confirmatory bifactor model had acceptable fit.

Three adjustments were made to the confirmatory bifactor model on the basis of modifica-
tion indices. Error variances were allowed to covary between 3 item pairs: 5 (violent behav-
iours) and 6 (distressing dreams); 11 (muscle cramps) and 12 (painful posturing); and 9
(difficulty going back to sleep) and 15 (unexpectedly falling asleep), which covary negatively.
The confirmatory bifactor model consists of a general factor, in addition to 3 sub-factors:
insomnia, OSA and RBD symptoms and motor symptoms (see Fig 1). The non-significant

S-B x* S-B x*/df Ax*(df) RMSEA CFI SRMR
(90% CI)

1 Factor CFA 320.24% 3.56 0.13 0.63 0.09
(0.11-0.14)

3 Factor CFA 255.22% 2.87 47.78(3)%* 0.11 0.73 0.12
(0.09-0.12)

Confirmatory Bifactor Model 122.75% 1.66 87.83(15)+° 0.07 0.92 0.06
(0.04-0.08)

Note: S-B %> = Satora-Bentler Chi Square; RMSEA = Root Mean Squared Error of Approximation; CFI = Comparative Fit Index; SRMR = standardised root mean square
residual. Ideal values for fit indices; S-B xz/df <3; RMSEA <.05; RMSEA 90% CI must cross 0.05; CFI >.95; SMSR <.08;

*significant at p < .01;
* significant compared to 1 factor CFA;
® significant compared to 3 factor CFA

https:/doi.org/10.1371/journal.pone.0192394.t002
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Fig 1. Diagram of confirmatory bifactor model: Regression coefficients for all significant paths. Squares represent
measured variables, circles represent latent variables, curved lines are where we have allowed covariance of error terms

to improve model fit.

https://doi.org/10.1371/journal.pone.0192394.9001

factor loadings for the motor symptoms sub-factor (see Table 1) suggest that this factor does
not exist outside of the general factor. Therefore, this sub-factor was not further analysed.
Individuals with higher general PDSS-R factor scores were more neurotic, reported poorer
mood, longer disease duration, and higher LED than those with lower general factor scores
(see Table 3 for Spearman’s Rho correlations). There were no sex differences (U = 2337.50,

p=".18).
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Table 3. Correlations between confirmatory bifactor model factor scores and participant characteristics.

Insomnia OSA/RBD Age Duration BFAS-Neuroticism DASS-total H&Y LED
General 26" -263" -.02 161 34% 50454 -.06 30¢¢
Insomnia 1 -224° -.20%¢ 12 .10 171¢ -.03 211
OSA/RBD -22¢° 1 13 -.11 -.12 -.06 .16 -.07

Note: OSA = Obstructive sleep apnoea; BEAS = Big Five Aspect Scale; DASS = Depression Anxiety and Stress Scale; H&Y = Hoehn & Yahr Scale; LED = Levodopa

Equivalent Dose;

T significant at .05 level;

¥ significant at .01 level

*b Pair significantly different at .01 level (2 tailed)
4¢ Pair significantly different at .05 level (2 tailed)

https://doi.org/10.1371/journal.pone.0192394.t003

Participants who reported more severe insomnia also reported poorer mood, were taking
higher LED doses and were younger than those with lower insomnia scores. There were no sex
differences (U = 2292.00, p = .13).

There were no associations with OSA and RBD symptom factor scores; although men had
higher scores than women (U = 2375, p = .02).

Correlations were compared using software designed to test whether the magnitude of cor-
relations derived from a single sample and which also share a dependent variable are signifi-
cantly different. [19] Results are included in Table 3 and discussed below.

Discussion

The PDSS was developed to measure common sleep disturbances in 2002 and has since been
revised twice. The PDSS-R was developed in 2005 and proposed item changes including mea-
surement of OSA and RBD. [2] The final revision of the scale, the PDSS-2, was published in
2011 and, while the scale retained the 15-item structure of the first two iterations, the PDSS-2
introduced a new response format (visual analogue to Likert), changed the direction of scoring
(higher scores indicate poorer sleep) and amended some item content to include measurement
of akinesia, pain, and restless leg syndrome. [3] The PDSS and the PDSS-2 have been widely
taken up and used to quantify sleep disturbances across different populations and, importantly
have been used as the outcome measure in clinical trials of interventions designed to improve
sleep in PD. [6,20,21] Both the PDSS and the PDSS-2 were factor analysed using principal
components analysis (PCA) and either the total score (i.e. assuming a one-factor structure) or
a 3-factor structure (with three sub-scales) has been reported. [3,9,22] Despite its popularity, a
significant limitation of PCA is the absence of model-fit statistics, precluding the comparison
of alternative models. Where the PDSS measures have been used to quantify the relationship
between sleep and other non-motor symptoms, results have been mixed. [22-24] We posit
that despite evidence-based and comprehensive item content, the scales measure many sleep
symptoms in relatively few items, and this feature may yield multidimensional data that may
be more effectively be factor analysed using a model that accounts for multidimensionality.
We, therefore, examined construct-relevant multidimensionality using a bifactor analysis of
PDSS-R data as an exemplar.

This study is the first to apply a multidimensional model to any version of the Parkinson’s
Disease Sleep Scale. One and three-factor traditional (confirmatory factor analysis) models
were compared against a confirmatory bifactor model. The confirmatory bifactor model, con-
sisting of a general factor (analogous to the one-factor or total score model) and three sub-
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factors (analogous to the three-factor model), best fit the PDSS-R data. Sleep-related motor
symptoms did not exist as a sub-factor outside of the general factor.

When modelling data using bifactor accounts, a general factor draws on covariance from all
items and is therefore thought to represent an overarching factor (i.e. sleep quality). However,
the results of the correlational analyses are not wholly consistent with this view. If the general
factor were measuring general sleep problems associated with PD, we might expect positive
correlations with disease duration, disease severity, and LED: all of which are associated with
deterioration of sleep quality in PD. [24] While the general factor was related to disease dura-
tion and LED, it was also associated more strongly with neuroticism, and most strongly with
mood. There are two possible explanations for these observations. First, mood instability may
be a confound, because of response bias- the general factor may reflect this. Typically, neuroti-
cism and affective symptoms have been associated with disproportionally severe subjective
sleep problems than would be expected based on objective assessment. [25] Moreover, as sleep
symptoms feature prominently in the presentation of affective disorders; depression is likely to
be comorbid with sleep disturbance (indeed, depression and disturbed sleep often occur in
tandem as part of the non-motor symptom complex of PD). [26] In addition, premorbid neu-
roticism itself predicts PD [27] and is associated with poorer sleep in the general population.
[28] Martinez- Martin et al. noted that depression and anxiety accounted for one-quarter of
the variance in PDSS total scores. [29] General factor scores may be influenced by affective
symptoms, and the concurrent administration of depression/anxiety scales may aid
interpretation.

As anticipated, higher insomnia scores were associated with poorer mood and higher LED.
The relationship between severe insomnia and younger age seemed counter-intuitive in light
of the broader sleep literature. (see reviews: [30,31]) In general, sleep quality and quantity
decline with age and the prevalence of sleep disorder increases. [32] However, our data suggest
that this pattern may not hold true in PD as younger participants reported more difficulty initi-
ating and maintaining sleep, and less overall satisfaction with their sleep. Other authors have
reported a similar pattern of results (e.g. cluster analysis revealed a different profile of sleep dis-
order associated with age in PD. [33,34] In light of these findings, one might expect more
severe insomnia in younger patients, those with a shorter disease duration and patients who
have recently commenced medication.

Scores from the sub-factor measuring OSA and RBD symptoms were higher in men than
women. However, these scores did not correlate with any of the sample parameters tested.
Both the OSA and RBD literatures report both greater prevalence and more florid symptom-
atic presentation in men. [35,36] Given that scores on this factor did not correlate with mood
or neuroticism, response bias is less likely on this sub-factor, but the absence of expected corre-
lations (for instance, increasing age and disease duration are both associated with higher prev-
alence of both disorders), [37] may also reflect low sensitivity and specificity of these items
given that subtle symptoms of these disorders may be difficult to detect via self-report.

Conclusions

Our bifactor analysis of the PDSS-R, whilst requiring independent replication, and further
exploration in the PDSS and PDSS-2 has several practical implications: i) Variance from items
measuring motor symptoms was wholly accounted for by the general factor. It seems likely
that mood and personality influence the degree to which motor symptoms affect self-reported
sleep quality (to a greater extent than disease-specific factors like disease duration and LED). It
may be helpful to covary for affective symptoms and neuroticism in analysis; ii) Each item
loading significantly onto a factor (either the general factor or a sub-factor), contributes
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unequal amounts of variance to this score (e.g. overt symptoms of OSA and RBD- witnessed
apnoea and violence during sleep load more strongly on the specific sub-factor than less spe-
cific symptoms- snoring and distressing dreams). For this reason, there is a strong statistical
justification for weighting item scores from the PDSS scales using factor loadings. These
weighted scores are likely to yield more sensitive data; iii) Finally, we used the PDSS-R pro-
posed by Tse et al. [2] Although its purpose and structure are similar to the PDSS and PDSS-2
and there is a high degree of content overlap between the three scales: the scales are not identi-
cal. Therefore, it will be important to test a similar, multidimensional model using PDSS and
PDSS-2 data. Our choice of instrument was influenced by the fact that the PDSS-R includes
four items quantifying OSA and RBD symptoms. These are, in our opinion, important inclu-
sions in an omnibus scale of sleep disruption in PD and the PDSS-R may be a useful alternative
to PDSS or the PDSS-2.

Given the extremely poor fit of the 1 factor CFA, in addition to systematic differences in
item response across factors, we recommend caution in using summed PDSS total scores as a
cardinal indicator of sleep in PD.
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