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Purpose: Insomnia, a chronic condition affecting 50% of older adults, is often accompanied by cognitive decline. The mechanism
underlying this comorbidity is not fully understood. A growing literature suggests the importance of gut microbiota for brain
function. We tested associations between sleep quality and cognitive performance with gut microbiota in older adults with
insomnia.

Patients and Methods: Seventy-two older adults with insomnia (age 73.2 £+ 5.73 years, 56 females) provided stool samples for gut
microbial sequencing. Microbiota profile was determined using the DADA?2 bioinformatics pipeline. Cognition was assessed with the
Cambridge Neuropsychological Test Automated Battery. Objective sleep quality was monitored by a two-week actigraphic recording,
and participants completed the Insomnia Severity Index (ISI). We used partial canonical correspondence analysis (pCCA) to examine
the relative contribution of insomnia, based on actigraphic sleep efficiency (SE) and ISI, and of cognitive status, based on the
Multitasking test of Median Reaction Latency (MTTLMD) and the Spatial Working Memory Between Errors (SWMBE), to variance
in microbiota composition. We used Pearson correlations to correlate insomnia and cognitive status parameters with microbiota
amplicon sequence variants, genera, and families.

Results: The pCCA revealed that sleep quality and cognitive performance explained a variation of 7.5-7.9% in gut microbiota
composition in older adults with insomnia. Correlation analysis demonstrated that Lachnoclostridium (genus) correlates positively
with SE (1=0.42; P=0.05) and negatively with MTTLMD (r=—0.29; P=0.03), whereas Blautia (genus) correlates negatively with
MTTLMD (r=—0.31; P=0.01).

Conclusion: Findings demonstrate the associations of sleep quality and cognitive performance with variance in gut microbiota
composition and with specific genus abundance in older adults with insomnia. Further studies should validate the findings, determine
causal relationships, and evaluate potential interventions for the comorbidity of insomnia and cognitive impairment in older adults with
insomnia.
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Introduction

Late-life insomnia is a common chronic health condition in older adults, affecting around 50% of the adult population
over 65 years old.' It is strongly associated with mental illness, cognitive decline,' > poor psychological wellbeing, and
health-related quality of life.* ¢ Diagnostic criteria for chronic insomnia include difficulty initiating and/or maintaining

sleep and early morning awakenings, with significant daytime consequences lasting over three months.*
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Changes in sleep quality through the aging process are often associated with cognitive decline. Aging is associated
with deteriorating performance on various cognitive tasks under the umbrella of executive function, such as speed of
processing information, perceptual speed, concentration and attention, inhibition functioning, and memory.>® Several
studies have shown that the cognitive impairments observed in older adults with insomnia are far more severe than those
observed in older adults without insomnia.””® Longitudinal studies have shown an increased risk of mortality in non-
demented older adults with cognitive impairments.”*

The tight interdependence between sleep and cognitive functioning has been investigated extensively in the past three
decades. There is extensive evidence demonstrating the central role of sleep in brain plasticity, memory consolidation,
and optimal cognitive engagement,”'® yet the literature on the positive effects of learning on sleep architecture, although
consistent, is small.'""'” Studies of both younger and older populations without insomnia have shown that following
learning, young adults exhibit increases in sleep continuity;'®'® proportion of REM sleep;'”***! number of REMs and

12.14-16.22 4nd slow-wave

REM density;'*'7! duration of Stage 2 sleep, number of sleep spindles, and spindle density;
activity (SWA). Older adults displayed an increase in the number of minutes of slow-wave sleep (SWS) and SWS
percentage after learning.'>'>?* Studies have shown that pre-sleep learning improves subsequent sleep quality in older
individuals, in the areas of continuity, stability, and organization.”* Two studies to date have investigated the beneficial
effects of prolonged cognitive training over an 8-week session on the sleep quality of older adults with insomnia.*>*®
Haimov and Shatil*® demonstrated the beneficial effects of personalized computerized cognitive training on sleep quality
and cognitive function in older adults with insomnia, showing that improved sleep quality is predicted by an improve-
ment in cognitive performance. Keramtinejad et al*® revealed that group cognitive training improved cognitive function
and sleep quality in older adults with insomnia and mild cognitive impairment.

Although both insomnia and cognitive impairments are highly prevalent chronic conditions in older adults, the
underlying mechanisms of age-related decline in these functions are unclear. Such an understanding may account for the
limited efficacy of current treatments and pave the way to better interventions.

A potential explanation of insomnia and cognitive decline in old age lies in the gut microbiota-brain connection, yet
to be fully explored. A growing literature suggests the importance of gut microbiota for brain function.?” The brain-gut-
enteric microbiota axis is a bi-directional communication system comprised of neural pathways, which includes the
autonomic nervous system (ANS), the enteric nervous system (ENS), the neuroendocrine system, and the immune
system.””® Findings show associations between stress reactivity mechanisms and gut microbiota composition, possibly
through CNS plasticity-related serotonergic and GABAergic signaling systems.”’° Perturbation of these systems results
in alterations in the stress response and overall behavior.*® Findings have shown that gut microbiota modulates stress-
related mental illness, ie, depression and anxiety.>' > It has recently been suggested that gut microbiota may underlie the
comorbidity of insomnia and depression through their metabolites, including serotonin, dopamine, and GABA, or
through pro-inflammatory pathways.**

The gut microbiome is a dynamic entity whose assembly and action are affected by several factors, including
genetics,>> diet,*® metabolism,?’ geography,® antibiotics,’” age,?” and stress.’” In the course of aging, deterioration in
dentition, salivary function, digestion, and intestinal transit time affect the intestinal microbiota creating dysbiosis,
defined as an imbalance in gut microbiota composition that is associated with disease.** The composition and diversity
levels of intestinal microbiota differ markedly between older and younger adults.*® Firmicutes and Bacteroidetes are the
two main bacterial phyla in the gastrointestinal tract of healthy adults.*’ The ratio between these two phyla (the
Firmicutes/Bacteroidetes (F/B) ratio) has been associated with gut microbiota homeostasis, and changes in the ratio
could lead to various pathologies.****

Only a handful of studies to date have investigated the associations between sleep and gut microbiota in humans, and
studies of adults are rare, with inconsistent findings possibly due to small sample sizes. Sleep laboratory studies in
healthy adults found changes in microbiota composition following two nights of sleep deprivation.*> A 5-night sleep
restriction protocol, however, did not show a significant effect on gut microbiota.*® A study of healthy middle-aged to
older adults found associations between self-reported sleep quality and abundances at the phylum level.*’

48,49

Previous animal experiments and small clinical studies of healthy adults®® have also shown that changes in

cognition may be linked to changes in the gut microbiome. Yet, few studies have investigated gut microbiota and
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cognition in large samples from community settings. A recent cross-sectional study showed significant associations
between specific microorganisms and cognition measurements, such as positive associations of Lachnospiraceae FCS020
with the results of the Digit Symbol Substitution Test (DSST), and negative associations of Sutterella with the results of
the Montreal Cognitive Assessment (MoCA).>!

The ability of gut microbiota to communicate with the brain and thus modulate behavior is emerging as a promising
concept in health and disease, including its effect on mental function and cognitive performance in older age, providing
a window for examining the associations between gut microbiota, sleep, and cognition.

The objectives of the present study were to investigate associations between microbiota and two distinct functions
that typically show accelerated decline over the aging process, sleep and cognition, in community-based older adults with
chronic insomnia. We conducted an exploratory investigation testing associations between microbiota composition
(assessed by high-throughput sequencing of 16S rRNA gene amplicons from stools), and sleep quality, based on
objective (activity monitoring) and subjective (self-report) measurements, and cognitive functioning (performance
monitoring), based on cognitive tests. We hypothesized that in older adults with insomnia, (1) objective and subjective
sleep and cognitive performance significantly explain variation in the microbiota community, and (2) gut microbiota
members are associated with sleep quality and cognitive performance.

Materials and Methods

The study was carried out in accordance with the Declaration of Helsinki and was approved by the institutional review
board (IRB) of the Faculty of Social Welfare and Health Sciences at the University of Haifa (approval number 026/17).
All study participants signed informed consent.

Participants

Two hundred and twenty-four potential participants, aged 65 and older, responded to advertisements and calls in
community centers for older adult volunteers with a complaint of insomnia and/or sleep dissatisfaction lasting at least
several months, together with complaints of daytime impairment. Participants were eligible for inclusion in the study if
they met the criteria for insomnia in adults according to the Diagnostic and Statistical Manual of Mental Disorders, 5th
edition (DSM-5),>? ie, difficulty initiating sleep, difficulty maintaining sleep, and/or early morning awakening at least 3
times per week, lasting > 3 months, and associated with impaired daytime functioning.>* Insomnia symptoms were
diagnosed by self-report and confirmed by actigraphic recordings over a period of two weeks, based on the accepted

benchmark criteria for insomnia:>>>*

mean sleep onset latency (SOL) or mean wake time after sleep onset (WASO) of
>30 min, and <85% sleep efficiency (SE, percentage of total sleep time after initial sleep onset) for at least six of 14
nights during the two weeks of actigraphic recording. Potential participants also underwent a short clinical interview
conducted by a trained interviewer, in which they were asked about medical conditions, addictions, substance use, and
nighttime sleep problems. Exclusion criteria included significant visual or hearing impairment, chronic pain, substantial
neurological or psychiatric illness, and alcohol or drug abuse. Also excluded were participants who, based on self-report,
had sleep apnea syndrome (SAS), restless legs syndrome (RLS), rapid eye movement (REM) sleep behavior disorder
(RBD), or periodic limb movement disorder (PLMD) during sleep, as well as individuals with cognitive impairment who
scored < 26 on the Mini-Mental State Examination (MMSE).” A total of 72 participants were eligible, for whom we
recorded gender, age, body mass index (BMI), use of sleep and depression medications, cardiovascular diseases (CVDs),
diabetes, blood pressure, and cholesterol levels. All participants provided a fecal sample for microbiome analysis.
(Figure 1) shows a flowchart summarizing the study stages. (Table S1) shows participant information and test
measurements.

Measures

Objective Sleep Measurements

Sleep recordings were performed in one-minute epochs with the Actiwatch activity monitor (Phillips Respironics) and
downloaded for analysis to dedicated software (Actiware 6.0.9). Sleep onset and offset were set to the first and last epoch
of ten consecutive immobile minutes, respectively. Participants were instructed to press on the event marker, a built-in
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Potential participants recruited aged 65 and older
(n=224)

Participants did not meet DSM-5 insomnia criteria

\ 4 (n=16)

Insomnia diagnosis according to DSM-5 based on
self-report (n=208)

Participants did not meet actigraphy-based criteria
v (n=112)

Insomnia confirmed by 2 weeks of actigraph
recording (n=96)

Participants did not meet cognitive and/or medical
v criteria (n=7)

A 4

Short clinical interview and Mini-Mental State
Examination test (n=89)

A 4

Participants could not commit to the study (n=17)

A 4

Participants eligible based on inclusion criteria
(n=72)

A

Anthropometric measurements and medical history
recorded (n=72)

A 4

Cognitive measurements (CANTAB)
(n=72)

A 4

Fecal samples for gut microbiota composition
analysis (n=72)

Figure | Flowchart of the study design.

feature of the Actiwatch, at both bedtime and final awakening. In addition, they were asked to complete a sleep diary
each morning upon awakening. Rest intervals were based primarily on event markers and verified by sleep diary records.
Actiwatch-derived measures were Total Sleep Time (TST), SOL, SE, and WASO.

Subjective Sleep Measurements
Participants completed an ISI questionnaire.’® A total score was calculated and interpreted according to conventional

guidelines (ie, a score > 15 indicates clinical insomnia).>’

Cognitive Measurements

Participants performed a battery of cognitive tests on the Cambridge Neuropsychological Test Automated Battery
(CANTAB) system. CANTAB has been used in more than 2,500 clinical studies and cited in more than 100,000
papers, supporting its use as a gold standard in cognitive research, including in older adults.”®**® We assembled
a battery of 6 tests, representing different domains of cognition: Motor Screening Task (MOT), Reaction Time Task
(RTI), and Rapid Visual Information Processing (RVP), which examine attention and psychomotor speed; Multitasking
Test (MTT) and Spatial Working Memory (SWM), which examine executive functions; and Paired Associates Learning
(PAL), which examine memory. We extracted and processed key measures in each test, as defined by CANTAB.
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Fecal Sample Collection and Processing

Sampling

Participants received clear instructions for the collection of samples at their homes. Each participant self-collected a fecal
sample during the morning hours, stored it in a screw-capped collection container filled with a DNase and RNase
inhibitor solution (DNA/RNA Shield Fecal Collection Tube, Zymo Research, CA, USA), and kept it at room temperature
for a maximum of one week, after which it was kept at —80°C until analysis.

DNA Extraction and 16S rRNA Amplification and Sequencing

DNA was extracted from all fecal samples using the DNeasy PowerSoil Kit (Qiagen, Hilden, Germany) according to
manufacturer’s instructions.” Universal primers 515F°' and 806R,%” targeting the highly conserved V4 region and
containing Illumina adapter sequences, were used to amplify the 16S rRNA gene from individual samples.
Amplification consisted of 20 cycles of 98°C for 10 sec, annealing at 55°C for 10 sec, and 72°C for 20 sec, followed
by 1 min at 72°C. A second PCR was performed using the Access Array primers for Illumina (Fluidigm) sequencers to
add the sample barcode and index sequences to the samples for Illumina sequencing. Amplicons were purified using
AMPure XP beads (Beckman Coulter, CA, USA) and subsequently quantified using Qubit (Life Technologies, CA,
USA); amplicon size was determined by Tapestation (Agilent Technologies, CA, USA). The samples were then loaded
on the MiSeq (TermoFisher, MA, USA) and sequenced using the MiSeq V2 (500 cycles) kit to generate paired-end reads
of 2x250 bases. Raw sequence data were then demultiplexed and stored as fastq formatted files. Raw sequence data were
deposited in the NCBI SRA database under BioProject accession PRINA843882.

Sequence Data Processing

Sequence data were processed using the DADA2 pipeline.®® A separate analysis was conducted for each run, including quality
trimming, barcode and primer removal, error model estimation, sequence correction, Amplicon Sequence Variant (ASV)
inference, and quantification. The ASV and count tables of all runs were then merged. Subsequently, suspected chimeras were
detected and removed. For each ASV, taxonomy was inferred by alignment to a current version of the SILVA non-redundant small
subunit ribosomal RNA database (version 138)** using the DADA2 command “assignTaxonomy”, and setting the minimum
bootstrap confidence value to 80%. The produced ASV-sample count table was filtered to remove sequences of non-relevant
origin (unclassified, chloroplast, mitochondria). (Supplementary Table S2) lists the ASVs and counts per sample.

Statistical Analyses

We examined the normality of sleep and cognition variables visually using Q-Q plots, and skewness and kurtosis values,
and none of them violated the assumption of normality. Alpha diversity measures, Shannon H’ index of diversity
(Shannon), Simpson index of dominance (Simpson) and number of observed species (Sobs) were not statistically
significant for the parameters Age, BMI, ISI, SE, Multitasking test of Median Reaction Latency (MTTLMD) and
Spatial Working Memory Between Errors (SWMBE) (Table S3).

We applied principal component analysis (PCA) to test the correspondence between the 15 cognitive measurements.
We conducted PCA using the “principals” function in the R package Gifi (version 0.3-9). We extracted the first two
principal components (PC) based on ranking of the eigenvalues, and recorded and ranked the loadings of each cognitive
variable. The highest loadings on the first PC was MTTLMD, and on the second PC it was SWMBE. Together, the first
and second PCs accounted for 91.4% of the variance.

We inspected the microbiota counts table and recorded the relative contributions of different phyla. We calculated the
Firmicutes/Bacteroidetes ratio based on their relative abundances for each sample. The ratio was plotted as a density plot, and
skewness and kurtosis coefficients were calculated in R using the “moments” package (version 0.14). Next, we conducted a partial
canonical correspondence analysis (pCCA) to discover the relative contribution of insomnia state represented by ISI and SE,
together with cognitive state, represented by MTTLMD and SWMBE, to variance in microbiota composition. To this end, the
counts data were normalized by the cumulative sum squares (CSS) method, as implemented in the R package “metagenomeseq”
(version 1.36.0).°> pCCA was executed using the R package “vegan” (version 2.5-7); the model (counts data ~ ISI+SE
+MTTLMD+SWMBE) also included constraints to control for the effect of nine covariates: gender, age, BMI, use of sleep

Nature and Science of Sleep 2022:14 heeps: 1757

Dove:


https://www.dovepress.com/get_supplementary_file.php?f=377114.xlsx
https://www.dovepress.com/get_supplementary_file.php?f=377114.xlsx
https://www.dovepress.com
https://www.dovepress.com

Haimov et al Dove

and depression medications, CVDs, diabetes, high blood pressure, and high cholesterol levels. The same procedure was
performed for the normalized counts data at the ASV level, and at the genus and family levels of taxonomy. In all three cases,
ASV/taxa were filtered using a prevalence cutoff of > 10 samples. The model and the model terms were tested and considered
significant for P-values < 0.05. Goodness of fit between the extracted canonical correspondence factors and specific ASVs or
taxonomic groups was calculated using the “goodness.cca” function in the R package “vegan.” Ten top ASVs or taxonomic
groups, as ranked by the goodness-of-fit values, were extracted for each canonical correspondence factor and tested for Pearson
correlation with each of the four model factors (ISI, SE, MTTLMD, and SWMBE) after counts data were log10 transformed. The
FDR procedure was applied to control for false positives.

Results

Demographics, Sleep, and Cognitive Description of Participants

(Table 1) summarizes the descriptive statistics of the demographic parameters of participants in the study, including age,
percentage of females, years of education, BMI, and the percentage of participants with high cholesterol, high blood pressure,
diabetes, and cardiovascular disease, as well as the percentage of participants who took medications for depression, sleep, or both.
Objective and subjective sleep parameters are shown in (Table 2). ISI and SE were chosen as subjective and objective
measurements of sleep quality, respectively. Sleep efficiency (SE) was calculated based on the participants’ WASO, TST,
and SOL.

(Table 3) describes the descriptive statistics of cognitive measurements collected from CANTAB. These measure-
ments included a Motor Screening test (MOT, ie, MOTML), Multitasking tests (MTT, MTTTIC and MTTLMD), Paired
Associates Learning tests (PAL, PALTEA and PALFAMS), Reaction Time Task tests (RTI, RTIFMDRT and
RTIFMDMT), Rapid Visual Information Processing tests (RVP, RVPA, RVPPFA, and RVPMDL), and Spatial
Working Memory tests (SWM, SWMBE, SWMS, SWMBE4, SWMBE6, and SWMBES). The table includes
a description of each measurement, its mean, standard deviation, median, and minimum and maximum interval.

Dimensionality Reduction and Section of Cognitive Variables
To describe the importance and redundancy of the 15 cognitive variables measured, we performed a PCA. The top two PCs
cumulatively explained 91.4% of the variance (Figure 2). Based on variable loadings on the first and the second PCs, MTTLMD

Table | Demographic Description

Sample Size (n=72)

Parameter Mean * SD/n (%) Min-Max
Demographic
Age (years) 73.19 £ 5.73 66-93
Female (%) 56 (77.77)
Years of education 15.88 + 2.62 8-21
BMI (kg/m2) 28.20 + 5.50 19.57—48
High cholesterol (%) 33 (45.83)
High blood pressure (%) 34 (47.22)
Diabetes (%) 17 (23.61)
Cardiovascular disease (%) 15 (20.83)
Depression medication (%) 7 (9.72)
Sleep medication (%) 10 (13.88)
1758 https: Nature and Science of Sleep 2022:14
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Table 2 Sleep Measurements

Sample Size (n=72)

Parameter Mean * SD Min-Max

Objective Sleep (averaged across 14 nights of continuous actigraphic

recording)

Sleep time (hours) 00:04 + 1:08 21:57-3:06

Wake time (hours) 6:49 + 1:08 4:27-9:31

Sleep onset latency (SOL) (minutes) 19.81 + 13.14 3.08-69.58

Wake time after sleep onset (WASO) (minutes) | 54.10 = 19.94 22.79-130.71

Total sleep time (TST) (minutes) 404.63 £ 59.52 | 239.18-542.00

Sleep efficiency (SE) (%) 79.23 + 6.86 51.08-88.88

Subjective sleep

Insomnia severity index (ISI) 13.22 + 44| 4-23

Table 3 Cognitive Measurements
Sample Size (n=72)
Parameter Description Mean = SD Median Min- Max
Motor Screening Task (MOT)
MOTML (ms) Mean latency (Higher is worse) 928.20 + 262.06 873.45 575.9-1837.1
Multitasking Test (MTT)
MTTTIC Total incorrect responses (Higher is worse) 15.79 + 14.78 9.50 0-65
MTTLMD (ms) Median reaction latency (Higher is worse) 839.84 + 122.50 844.25 612.0-1213.0
Paired Associates Learning (PAL)
PALTEA Total errors (adjusted) (Higher is worse) 29.66 + 14.79 26 5-62
PALFAMS First attempt memory score (Higher is better) 8.80 * 3.66 9 1-17
Reaction Time Task (RTI)
RTIFMDRT (ms) Median five-choice reaction time (Higher is worse) 423.39 £ 41.68 421.25 340.50-533.50
RTIFMDMT (ms) Median five-choice movement time (Higher is worse) 32443 + 77.40 309.25 173-639
Rapid Visual Information Processing (RVP)
RVPA A’ (A prime) (Higher is better) 0.84 + 0.07 0.85 0.60-0.95
RVPPFA Probability of false alarm (Higher is worse) 0.02 + 0.06 0.005 0-0.47
RVPMDL (ms) Median response latency (Higher is worse) 596.52 + 155.63 555.50 388.50-1197
Spatial Working Memory (SWM)
SWMBE Between errors (Higher is worse) 19.81 £ 7.69 22 0-32
SWMS Strategy (6—8 boxes) (Higher is worse) 9.77 £ 1.76 10 2-13
SWMBE4 Between errors 4 boxes (Higher is worse) 1.38 £ 1.6l | 0-6
(Continued)
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Table 3 (Continued).

Sample Size (n=72)

Parameter Description Mean £ SD Median Min- Max
SWMBE6 Between errors 6 boxes (Higher is worse) 552 +£292 6 0-11
SWMBES Between errors 8 boxes (Higher is worse) 12.84 + 5.18 14 0-20

and SWMBE were selected to represent the cognitive performance of the patients for further analysis, and their correspondence
with gut microbiota composition was tested. MTTLMD is a measure of MTT that asks participants to manage conflicting
information and ignore task-irrelevant information. SWMBE is a measure of SWM, which requires the use of spatial memory and

manipulation of visuospatial information. Both tests require the use of executive functions.

Microbiota Composition
For the fecal microbiota composition of the 72 patients, a total of 3067 bacterial ASVs were determined and assigned to

45 phyla (Table S2). Only three phyla were dominant: Bacteroidetes and Firmicutes were similar in relative abundance
and together comprised on average 90.5% = 7.0% of the total community, and Proteobacteria comprised on average 5.9%
+ 6.2% (Figure 3A). Firmicutes to Bacteroidetes ratio distribution was highly positively skewed, with high kurtosis
(skewness coefficient = 1.59; kurtosis coefficient = 6.39), and a median of 1.02 (Figure 3B).

We examined the correspondence between gut microbiota composition, insomnia, and cognitive performance using partial
canonical correspondence analysis (pCCA). SE and ISI represented insomnia, and MTTLMD and SWMBE cognitive
performance as explanatory factors. In addition, nine covariates representing demographic and physiological attributes
were conditioned to assess the independent effects of the explanatory variables (see Methods). The model was significant
when tested at the ASV, the genus, and the family levels of taxonomy (Table 4). In total, they explained 7.6%, 7.5%, and 7.9%
of the total variance in community composition for these levels, respectively (Table 4). SE was a significant factor in all tested

1.0
SWMBE
SWM
— SWMBE6 SWMBE4
o
S 5 RVPA PALTEA
~ 7 MTTTIC
p RVPPFA
3t
RVPMDL
(9]
& 0.0+
Q MTTLMD
-0.54 RTIFMDMT PALFAMS RTIFMDRT
T T T T T
-1.0 -0.5 0.0 0.5 1.0

PCA1 (59.7%)

Figure 2 Variation in cognitive performance in 67 older adults with insomnia. Principal components analysis (PCA) of scores measured for |5 cognitive tasks. The first two
PCs with the highest eigenvalues are presented, together explaining 91.4% of the variance. Colored arrows indicate cognitive measurements with the highest loading on the
first and second PC.
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Figure 3 Composition of the gut microbiota of older adults with insomnia. Gut microbiota composition was determined by high-throughput sequencing of 16SrRNA gene
fragments, PCR amplified from total DNA extracted from fecal samples. (a) Averages of the phyla relative abundances. (b) The density plot represents the distribution of
Firmicutes-Bacteroidetes ratio in insomnia patients. The dotted line marks the median value of ratios.

levels (P<0.05). MTTLMD was significant at the ASV level (P<0.05) and only marginally significant at the genus or family
levels (P<0.1). SWMBE was significant at the ASV level (P<0.05). The pCCA ordination plot for the ASV level model
(Figure 4) supported the grouping of patients based on ISI categories (1=0-7, absence of insomnia; 2=8-14, sub-threshold
insomnia; 3=15-21, moderate insomnia; 4=22-28, severe insomnia).

The goodness-of-fit parameter was calculated between bacterial populations and the pCCA model (Table S4). ASVs,
genera, and families with the highest fit to the four pCCA axes were extracted and correlated by the Pearson method to

Table 4 The Contribution of Insomnia and Cognitive Parameters to the Variance in Gut Microbiota Composition

ASV Genus Family
Df Ve F P ra F P ra F P

Model 4 0.47 1.44 0.002 0.20 1.37 0.041 0.11 1.45 0.063
Residual 58 4.79 2.17 1.08

Model terms significance

ISI | 0.10 1.26 0.083 0.03 0.92 0.537 0.01 0.84 0.565
SE | 0.14 1.66 0.023 0.08 2.16 0.015 0.04 244 0.031
MTTLMD | 0.12 1.46 0.017 0.06 1.57 0.054 0.03 1.59 0.096
SWMBE | 0.11 1.36 0.036 0.03 0.83 0.659 0.02 0.92 0.486

Constrained proportion of inertia (%)

Cumulative 7.59 7.49 7.85
CCAl 3.18 4.46 4.99
CCA2 2.67 1.98 2.08
CCA3 |.64 1.35 1.42
CCA4 1.52 0.08 0.06

Notes: Partial canonical correspondence analysis (pPCCA) testing the significance of ISI, SE, SWMBE, and MTTLMD as explanatory variables is shown. This model was used
for pCCA with microbiota counts matrix at the ASV, genus, and family levels of taxonomy. A P-value of <0.05 was considered to indicate significance. The model also
included the following covariates: gender, age, BMI, use of sleep and depression medications, CVD, diabetes, high blood pressure, and high cholesterol levels. P<0.05 is shown
in bold, P<0.l is underlined.

Abbreviations: Df, degrees of freedom; y?, Chi-squared test; p, P-value; ASV, amplicon sequence variants; SE, sleep efficiency; ISI, Insomnia Severity Index; MTTLMD,
Multitasking test of Median Reaction Latency; SWMBE, spatial working memory between errors.
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Figure 4 Partial canonical correspondence (pCCA) ordination plot. The first and third canonical correspondence axes are shown. Values in brackets represent the
percentage of total variance explained by the axis. Each dot represents a sample; colors are assigned according to IS| categories (ISI_cat) (1=0-7, absence of insomnia; 2=8—
14, sub-threshold insomnia; 3=15-21, moderate insomnia; 4=22-28, severe insomnia).

Abbreviations: SE, sleep efficiency; ISI, Insomnia Severity Index; MTTLMD, Multitasking test of Median Reaction Latency; SWMBE, spatial working memory between errors.

the model explanatory factors. Although some ASVs and families showed a clear correspondence to one or another
explanatory factor, none passed the FDR test with a value <0.1, the chosen criterion for significant correlation (Figure 5).
However, several genera were found to be significantly correlated with SE and MTTLMD (Table S5). Lachnoclostridium
was positively correlated with SE and negatively correlated with MTTLMD.

Discussion
The main findings are that in older adults with insomnia, sleep and cognition factors explained 7.5-7.9% of the total
variance in the microbiota composition at the ASV and genus levels. Objective sleep efficiency was a significant
predictor at the ASV, genus, and family levels, although the omnibus model for that level was only marginally significant,
whereas cognition was significant at the ASV level. Medication, blood parameters, bowel, dietary information, health,
and anthropometric data explained roughly the same amount of variance in a population-level study®® as explained by
sleep and cognition in the current study. The variance explained by sleep and cognition is unique and independent of
gender, age, BMI, use of sleep and depression medications, CVD, diabetes, high blood pressure, and high cholesterol
levels. The findings suggest that sleep and cognition have a substantial and independent explanative power regarding
microbiota composition. Furthermore, significant associations were found between sleep efficiency and cognition
parameters and specific microbiota ASVs.

The results reveal that objective sleep efficiency was a significant predictor of the variation in microbiota composi-
tion, whereas subjective ISI was not. The discrepancy we found between objective and subjective sleep measures is
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Figure 5 Pearson correlations between ASVs or taxonomic groups most associated with the canonical correspondence axis (three top ASVs/taxa for each of the four
CCAs) and insomnia and cognitive measurements. ASVs/taxa for which P-values <0.05 are presented for ASV and family levels of classification; taxa for which FDR ajusted P-
value <0.| are presented for the genus level of classification.

compatible with previous studies showing that extreme deviations are common between subjective and objective sleep
parameters in older adults.®”-%®

In our study, Bacteroidetes was the dominant phylum, accounting for 48% of relative abundance of all microorgan-
isms. Our results are consistent with a previous study showing that insomnia patients had Bacteroidetes as the dominant
taxon in the gut, whereas Firmicutes and Proteobacteria were more prominent in healthy controls.**

Similarly, Grosicki et al® reported that self-reported sleep quality, assessed by Pittsburgh Sleep Quality Index (PSQI),
was found to be associated with F/B ratio in healthy young individuals. The results of their study showed that healthy
young individuals diagnosed as “normal” sleepers (characterized by a global PSQI score between 0 and 5) had lower
abundances of the phylum Bacteroidetes, and higher abundance of Firmicutes, whereas “poor” sleepers (characterized by
a global PSQI score > 5) had higher abundances of the phylum Bacteroidetes, and lower abundance of Firmicutes.

Our results also show that higher sleep efficiency and cognitive performance were associated with higher relative
abundances of ASVs 207 and 027, both affiliated with the genus Lachnoclostridium. These results are consistent with

previous cross-sectional studies performed in older populations.”®”" Agrawal et al showed a lower relative abundance of
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Lachnoclostridium in short sleepers than in normal sleepers.”” When compared to a control group, the relative abundance
of Lachnoclostridium was higher in the cognitive impairment group.”'

This study showed that lower cognitive performance is associated with higher Blautia relative abundances.
A previous study also showed higher abundance of Blautia in less physically active adults with insomnia.”* Another
study investigating associations between the gut microbiota and Parkinson’s disease showed that decreased abundance of
Blautia was associated with cognitive decline.”* Blautia is a member of the Lachnospiraceae family. Lachnospiraceae are
present in infants,”* however increases in its abundances are associated with aging.”” The Lachnospiraceae family are
major producers of short-chain fatty acids, the principal bacterial metabolites that play a vital role in maintaining colonic
integrity and metabolism, and in the development and homeostasis of the central nervous system.”® Although taxa of this
family were shown to produce beneficial metabolites for the host, their effect on the host physiology is often scarce and
inconsistent across studies. Smith et al showed negative associations between Lachnospiraceae and sleep deprivation,
although no correlation was found between Lachnospiraceae and cognitive parameters.”’ Further studies are needed to
elucidate the role of these microbiota members in sleep and cognition.

To the best of our knowledge, this is the first study to show positive and simultaneous associations between
Lachnoclostridium, sleep efficiency, and cognition. The study also presents novel microbiota taxa associated with sleep (eg,
Angelakisella and Sphingomonas) and cognition (eg, the Ruminococcus gauvreauii group, Propionibacteriaceae).

The study has several limitations. First, assessment of sleep quality was based on actigraphic recording. Supplemental
information from polysomnography (PSG) recording would have enabled us to investigate the association between sleep
architecture and gut microbiota composition in older adults with insomnia. Second, because this investigation was part of
a larger study on insomnia in older adults, we could not compare gut microbiota abundances and cognitive measurements
with a non-insomnia control group. Third, our findings cannot be generalized to other age populations. Fourth, this was
a cross-sectional investigation, therefore no causality can be inferred. Last, it is difficult to formulate mechanistic
hypotheses based on information derived from amplicon sequencing in general and ribosomal RNA in particular.
Further studies using metagenomics or metabolomics could highlight specific mechanisms related to the gut-brain axis

concerning insomnia and cognition.

Conclusion

Insomnia and cognitive decline are common chronic conditions in aging and have been associated with changes in the
gut microbiota composition. In this exploratory study, objective sleep and cognitive performance significantly explained
variation in the gut microbiota composition. Furthermore, specific gut microbiota ASVs were associated with measures
of sleep quality and cognitive performance. These findings strengthen the interrelationship between insomnia, cognition,
and gut microbiota. Gut microbiota may serve as an important indicator for auxiliary diagnosis of older adults with
insomnia and cognitive decline, and provide possible new therapeutic targets in the field of aging.
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