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Abstract.

BACKGROUND: Age-related alterations in the composition and function of gut microbiota may influence human health
and disease mechanisms. However, connections between compositional changes in gut bacterial and fungal communities,
and their role in the aging process, remain poorly understood.

OBJECTIVE: Compare the gut microbiota and mycobiota composition in different age groups and evaluate the functionality.
METHODS: In this study, we performed 16S rRNA and ITS2 gene-based microbial profiling analysis and shotgun metage-
nomics using the NextSeq platform.

RESULTS: We observed a shift in compositional changes of human gut microbiota with age. Older individuals revealed a
significantly different gut microbiota profile compared to younger individuals. For example, gut microbiota composition of the
older individuals showed increase in genera Bacteroides, Blautia, Ruminococcaceae, and Escherichia coli. Additionally, older
individuals had significant reduction in fungi belonging to saccharomyces cerevisiae and candida albicans in comparison to
their younger counterparts. Moreover, metagenomics functional profiling analysis using shotgun metagenomics sequencing
data showed substantial differences in the enrichment of 48 pathways between the young and older age groups. Metabolic
pathways such as amino acid biosynthesis, carbohydrate metabolism, cell structure biosynthesis and vitamin biosynthesis
were declined in the older age group, in comparison with the younger individuals.

CONCLUSIONS: The identified differences provide a new insight to enrich our understanding of age-related changes in
gut microbiota, their metabolic capabilities, and potential impact on health and disease conditions.
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1. Introduction

The gut microbiota is a complex ecological system
consisting of trillions of microorganisms, includ-
ing bacteria, archaea, fungi and viruses that play
important roles in human health and disease predis-
position [1]. Symbiotic gut microbiota contribute to
metabolic homeostasis, immune regulation, and the
protection against pathogenic microbes [2]. Recent
studies have revealed radical age-related differences
in the composition, i.e., including both abundance
and richness, and the function of gut microbiota
[3-5]. Accumulating evidence from the biomedi-
cal literature, pointed to a significant decline in
the diversity and richness of gut microbiota with
age, hinting at possible roles in the age-associated
physiologic decline and the pathogenesis of age-
related diseases [6, 7]. For example, the diversity
of gut microbiota and the number of commensals
such as Bacteroides, bifidobacteria, and lactobacilli
shrank, while the levels of opportunists such as enter-
obacteria, Clostridium perfringens, and Clostridium
difficile expanded in the older individuals [8, 9].
Another study reported a shift in the microbiota
composition toward a Bacteroidetes-dominant pop-
ulation with frailer older individuals [10], while
other reports have indicated that the age-associated
decline in the abundance of gut lactobacilli and
bifidobacteria was linked to the severity of inflamma-
tory disorders such as inflammatory bowel diseases
or colonic inflammation [11, 12]. However, these
changes in the gut microbiota are also governed
by other factors such as diet, sex, and geography
[6, 10, 13].

Another important factor that might contribute to
age-associated differences in gut microbiota com-
position and function, is the fungal component of
the microbiota (i.e., mycobiota). This factor has not
been studied thoroughly before. However, fungi are
well-established members of the gut commensals,
comprising a small percentage of the total compo-
sition of gut microbiota [14]. Recent reports have
indicated that despite the small percentage of myco-
biota from the total gut microbiota, fungi exert
surprisingly strong effects on dampening the inflam-
matory responses in the gut [15, 16]. Other studies
have also revealed a significant role for fungi in
shaping host immune responses in inflammatory
bowel diseases [15, 17]. Contrarily, other studies
suggested that fungi do not routinely colonize the
gastrointestinal tract, rather they may have a transient
presence derived from the oral cavity and diet [18,

19]. Altogether, previous findings and observations
suggest that mycobiota can have a strong impact on
the gut ecological communal composition [20, 21].
However, the role of fungi in the biological aging
processes and their interactions with the host plus
other members of the gut community, remain largely
unknown.

In the light of the recent demographical data of
the global community, there is a great need to under-
stand the biological aging processes and all factors
impacting them to properly plan the future health-
care systems. A recent report from the United Nations
indicated that the World population is increasingly
aging, with expectations that one in six people in the
World (i.e., 16% of the total World population) will
be over the age of 65 by 2050 [22], in comparison
to the current estimate of one in eleven making up
9% of the World population [23]. This predicted shift
in World demographics will eventually result in an
increasingly aged population, underscores the impor-
tance to identify and understand all factors affecting
the biology of aging which will eventually impact
healthcare systems and plans.

Human biological aging is characterized by a
gradual functional decline in most body organs
and biological systems affecting the morbidity and
mortality of aging individuals. In fact, the term senes-
cence was coined as an indicator for age-related
morbidity and mortality [24]. While earlier research
efforts have largely focused on understanding the
genetic and environmental factors associated with the
onset of age-related diseases, there is a great need to
understand all the underlying biological mechanisms
that influence one’s health, including the changes in
the gut microbiota [6, 25, 26]. Changes in the compo-
sition and functionality of gut microbiota have been
shown to influence the predisposition and severity
of various inflammatory conditions (Claesson et al.
2012). Moreover, homeostasis in gut microbiota has
been suggested as a critical factor for healthy aging
and human longevity [27, 28].

In this study, we investigated the compositional
and functional changes of the gut microbiota with
aging using stool samples from 51 human subjects:
18 young individuals (18-29 years old), 13 middle-
aged individuals (30—49 years old), and 20 older
individuals (50 years and above). Our studies showed
significant differences in abundant bacterial and fun-
gal taxa between the young and older study groups.
Furthermore, in order to understand the functional
effects of the gut microbiome on the host; we con-
ducted a shotgun metagenomics sequencing analysis
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for ten human subjects representatives of the young
and older age groups.

2. Materials and methods

This study was performed after receiving the nec-
essary ethical approval from the University Hospital
Sharjah, United Arab Emirates. All methods were
performed in accordance with relevant guidelines and
regulations. An informed consent was obtained from
all individuals included in the study. A total of 51
freshly passed stool specimens, each 2 to 4 grams,
were collected in sterile container. The stool speci-
mens were stored immediately into liquid nitrogen
and then transferred to —80°C for further storage.
Liquid (diarrheal) stool, use of probiotics and/or
antibiotics in the last 3 months among the volun-
teers were the only exclusion criteria used in this
study. All volunteers reported no major chronic ill-
ness and use of other medications with the exception
of occasional use of painkillers and aspirin. The
demographic information such as age, gender, diet
(using dietary fiber intake short food frequency ques-
tionnaire (DFI-FFQ) [29], ethnicity, marital status,
education level, occupation, exercise, height, and
weight were documented. Further, a total of 51 par-
ticipants were divided into age groups that, broadly
defined, young adulthood (18 to 29 years), middle
age (30 to 49 years), and older adulthood (50 years
and older).

2.1. DNA extraction

Fecal samples were subjected to DNA extrac-
tion and library preparation. DNA was extracted
using the QIAamp®PowerFecal ®DNA kit (Qiagen
Ltd. GmbH, Germany) following the manufacturer’s
instruction (Qiagen Ltd.). DNA quality was evaluated
visually via gel electrophoresis and quantified using
a Qubit 3.0 fluorometer (Thermo-Fischer, Waltham,
MA, USA). Negative controls (no added sample)
were used to check for contamination of kit reagents.
The extracted DNA was stored at —80°C for further
analysis.

2.2. PCR, sequencing and sequence processing

Deep amplicon sequencing combined with the
principles of statistical ecology was used to survey
microbiota communities. Utilizing deep sequencing

of the small ribosomal rRNA subunit (16S rRNA)
gene and Internal Transcribed Spacer (ITS) region to
survey the bacterial and fungal community and gain
insights on their population structural composition.
Broadly, this was achieved by taking copy variants
of the 16S rRNA gene and ITS region, clustering
the sequence data into count data in the form of
Operational Taxonomic Units (OTUs) following
the recommended mothur SOP. The count data,
or OTUs, were then classified into taxonomic
assignments. Bacterial 16S rRNA genes were
amplified using polymerase chain reaction (PCR)
with dual-barcoded primers targeting the V4 region
(515F 5'-GTGCCAGCMGCCGCGGTAA-73,
and 806R 5-GGACTACHVGGGTWTCTAAT-
3), as per procedure previously described [30].
Next, amplicons were sequenced with an Illu-
mina MiSeq using the 250-bp paired-end kit
(v.2). Sequences were denoised, taxonomically
classified using Greengenes (v. 13_8) as the refer-
ence database, and clustered into 97%-similarity
operational taxonomic units (OTUs) with the
mothur software package (v. 1.39.5) previously
described [31], following the recommended pro-
cedure (https://www.mothur.org/wiki/MiSeq_-SOP;
accessed August 2018). ITS2 regions were
sequenced on an Illumina MiSeq (v. 2 chem-
istry) using the dual barcoded primers (ITSF
5'-CCTCCGCTTATTGATATGC-3’, ITSR 5'-
CCGTGARTCATCGAATCTTTG-3') as  per
protocol previously described [30]. Primers and
PCR conditions used for 16S and ITS2 sequencing
were identical to those previously described [30, 32].
Paired-end reads were merged and curated to reduce
sequencing error as described previously [33].
Fungal processing pipeline was identical as the one
used for bacteria, except for the high-quality reads
were classified using UNITE (v. 7.1) as described
before as the reference database [34].

2.3. Quality control

The possibility for contamination was examined
by co-sequencing DNA amplified from samples and
from each template-free controls and extraction kit
reagents treated the same way as the samples. Two
positive controls, consisting of cloned SUPOS DNA,
were also added (number of copies =2%10°). Oper-
ational taxonomic units were considered putative
contaminants (and were removed) if their mean
abundance in controls reached or surpassed 25%


https://www.mothur.org/wiki/MiSeq_SOP

272 M.T. Al Bataineh et al. / Compositional changes in human gut microbiota with age

of their mean abundance in samples as described
before [35].

2.4. Statistical analysis

We assessed the alpha diversity with Shannon,
Simpson and Chaol indices on raw OTU abundance
tables after filtering out spurious OTUs, and then
the significance of diversity changes was tested with
Wilcoxon rank sum test (Mann Whitney test) between
young and older groups. Next, we evaluated the
beta diversity across samples. We excluded OTUs
occurring in fewer than 10% of the samples with a
count of less than three and calculated Bray-Curtis
distance. Then, we evaluated beta diversity, under-
scoring differences across samples, plotted network
and constructed the principal coordinate analysis
(PCoA). The dissimilarity in community structure
was assessed with permutational multivariate anal-
yses of variance (PERMANOVA) having age groups
as the main fixed factor and using 1000 permutations
for conducting the test. In order to find significant
taxa between young and older age groups, we con-
ducted Wilcoxon rank sum test on relative abundance
for each taxon. False Discovery Rate (FDR) p-value
adjustments using Benjamini and Hochberg method
is used. An adjusted p-value of less than 0.05 is
considered significant. It is noteworthy mentioning
that throughout the paper we have avoided using
tests based on normal theory. All analyses were con-
ducted on the relative OUT abundance with the help
of “vegan” package on R 3.5.3 environment.

2.5. Shotgun metagenomic analysis

2.5.1. DNA extraction and library preparation

DNA was extracted as mentioned before and
libraries were prepared using an Illumina Nextera
library preparation kit following the standard proto-
col (Illumina, San Diego, CA, USA).

2.5.2. Sequence technology and processing
Sequencing were generated using an Illumina
NextSeq. Around 31.6 Gbases generated using
2 x 150 paired end reads. Each sample yielded a
median of 1.8 Gbases. After sequencing, reads were
separated according to the barcode used in the
library preparation. Initial quality evaluation was
done using FastQC v0.11.5. Processing took part in
three steps: Paired ends read joining, removing of
contaminants, and trimming. Paired-end reads were

joined using a fast computational tool to extend the
length of short reads by overlapping paired-end reads
from fragment libraries that are sufficiently short
(FLASH v1.2.11) [36]. Reads were then compared
to the Human Genome (hgl9, GRCh37 Genome
Reference Consortium Human Reference 37) and
sequences that mapped to it were removed. Finally,
sequences were trimmed according to their quality
values using Trimmomatic v0.36 [37] with custom
parameters (LEADING:5 TRAILING:5 SLIDING-
WINDOW:4 : 15 MINLEN:70).

Joining the paired reads reduced the library size
in average by 41.78%. 0.06 % of the stitched reads
mapped to the human genome and were removed.
Read trimming using quality filters removed 13.56%
of the screened reads. Atthe end of quality control, the
median number of quality-filtered reads per sample
was 9044385.

2.5.3. Functional diversity

Functional profiling of the metagenomic reads
was performed using the HUMAnNN2 pipeline
(http://huttenhower.sph.harvard.edu/humann?2).
HUMAnNN?2 performs species-specific and species-
agnostic quantification of gene families, EC
enzyme modules, and pathways, using the UniRef
and MetaCyc databases. Functional profiles pro-
duced by HUMANN2 enumerate the abundance
of each gene family in the analyzed micro-
bial communities using the Uniref database
(https://www.uniprot.org/help/uniref).  Recovered
genes were then used to identify a parsimonious set
of pathways that explain the observed reactions in the
microbial community and uncover important inter-
actions between host and overrepresented microbial
communities. This step was also performed by
HUMANN2 and utilizing the Metacyc database
[38]. The default gene abundances generated from
HUMAnNN?2 are in reads per Kilobase units. These
abundances were then normalized to account for
gene length and for sample sequencing depth.
Normalized abundances are relative abundances in
copies per million units.

3. Results
3.1. Demographic data of the study subjects

Stool samples from the 51 individuals enrolled
in this study were obtained in order to identify and
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assess the compositional changes in the gut micro-
biota with age. The 51 human subjects were divided
into 18 young individuals, 13 middle-aged indi-
viduals, and 20 older individuals. No statistically
significant difference in the number of participants
in the young group versus the older age group was
observed at level of error « =0.05. All 51 participant
were of Emirati ethnicity. The demographic data of
the study participant based on age, gender, and eth-
nicity and high-fiber content diet are reported in Table
S1.

3.2. Bacterial and fungal sequence curation
analysis

The resulting 16S rRNA dataset had 26292 OTUs,
with an average of 19887 quality-filtered reads gener-
ated per sample. Sequencing quality was determined
using FastQC 0.11.5, followed by visualization (Fig-
ure S1). Additionally, we sequenced I'TS2 amplicons
generated from DNA samples on a MiSeq, resulting
in a dataset consisting of 4158 OTUs, with an average
of 10331 quality-filtered reads generated per sample.
The sequencing quality for R1 and R2 was deter-
mined using FastQC 0.11.5 followed by visualization
(Figure S2).

3.3. Alpha (a) diversity metrics

To study the variations in the gut microbiota, alpha
diversity metrics were calculated on OTU data for the
comparison groups generated based on the age of the
51 study participants. These metrics included Chaol
index for assessing community richness, Simpson
index for assessing community diversity, and Shan-
non index for assessing community evenness or
entropy, within each comparison group, i.e., older
individuals versus younger individuals. Statistically
significant differences at adjusted p-value < 0.05 were
determined using Wilcoxon sum rank test with alpha
diversity as the response variable on the y-axis, and
age as a crossed predictor variable on the x-axis
(Fig. 1). The results show the bacterial community
diversity was significantly lower in the young age
group in comparison with the older age group. Statis-
tical analysis, showed that both young and older age
groups differ significantly based on Wilcoxon rank
sum test (p-value <0.05) (Fig. 1A). Alternatively,
for fungi, the community richness and diversity in
the older age group was significantly lower than that
in the young age group. Statistical analysis showed

that both age groups differ significantly based on
Wilcoxon rank sum test (p-value <0.05) (Fig. 1B).

3.4. Beta (B) diversity metrics

Principal Coordinates Analysis (PCoA) is a tool
commonly used to visualize the profiling of sam-
ple clustering based on the similarity to each other,
and this helps determine whether changes identified
during beta diversity analysis are directed changes
or a mere random noise. Therefore, plots for dis-
tance matrices were generated using Bray-Curtis
dissimilarities as a beta diversity, to assess the sep-
aration of samples per each group based on the
composition of bacterial and fungal gut communi-
ties. Our results showed a significant segregation
(p-value <0.001; permutation test with pseudo-F
ratios) between the young and older age groups for
both bacteria (Fig. 2A) and fungi (Fig. 2B). Addition-
ally, we outlined relationships among samples of each
subgroup in using networks plotted based on Bray-
Curtis dissimilarities between both the young and
older age groups showing correlation in microbiota
composition among samples within each age sub-
group for both bacterial (Fig. 2C) and fungal (Fig. 2D)
taxa. The beta diversity comparisons between the
young, middle and older age groups for both bacterial
and fungal microbiota is shown in Figure S3.

All performed group comparisons of (3-diversity
were assessed with a non-parametric pairwise per-
mutational multivariate ANOVA (PERMANOVA) as
described in the methods section. Our PERMANOVA
results showed an overall significant difference of the
microbiome communities between young and older
groups (p-value <0.001). PERMANOVA results for
the age and gender effects on the bacterial and fungal
microbiome communities showed that the interaction
effect age*gender (p-value >0.889), and the gender
effect were insignificant (p-value >0.970), whereas
age effect was found to be significant (p-value
<0.001), for the identified bacterial taxa. Similarly,
the interaction effect age*gender (p-value >0.271),
and the gender effect were statistically insignificant
(p-value >0.163), while the age effect was signifi-
cant (p-value <0.001), for the identified fungal taxa.
As an additional validation, we also performed pair-
wise comparisons (using PREMANOVA) between
age and gender. Our results indicated that compo-
sitional changes in the microbiome were due to age
and not due to gender (Table S2). Additional PER-
MANOVA results showed that confounders such as
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Fig. 1. Boxplots of the three studied alpha diversity metrics Chaol, Shannon, and Simpson indices. A) Alpha diversity metrics for the gut
bacterial community. B) Alpha diversity metrics for the gut fungal community. Statistically significant differences were determined using
Wilcoxon sum rank test, with alpha diversity as the response variable, and age as a crossed predictor variable. Wilcoxon sum rank results
show significant differences of Shannon and Simpson diversity indices between young and older age groups for bacteria (max P-value
<0.02). Wilcoxon sum rank results show significant differences of Chaol, Shannon and Simpson diversity indices between young and older
age groups for fungi (max p-values <0.042). Friedman test results show insignificant differences of Chaol, Shannon and Simpson diversity
indices among young, middle and older age groups (each P-values >0.10). The bold point in each box plot represents the average value.

BMI (p-value>0.260), diet (p-value > 0.953), and use
of probiotics (p-value >0.319) were all insignificant
in comparison to age effect (p-value <0.001), which
was the only significant factor using at 5% level of
error (Table S2).

3.5. Visualization of the taxonomic profiling
results

Stacked bar charts (precisely, 100% stacked) were
used for the visualization of the taxonomic profiling
results generated from abundance data in OTU tables.
These charts enabled the display of the composition
and the distribution of most abundant bacterial and
fungal taxa at different phylogenetic levels (Figure
S4) across studied fecal samples from 51 study par-
ticipants. The figure clearly show that the taxonomic
identity and distribution of the gut microbiota were

conserved among tested samples from the same age
group.

3.6. Univariate analysis

To test if there are any statistically significant dif-
ferences in the abundance of abundant taxa between
young and older age groups, we performed a non-
parametric univariate analysis using the Wilcoxon
rank sum test. Our results revealed that profiles
obtained from older individuals showed significant
increase in Bacteroides, Blautia, Ruminococcaceae,
and Escherichia coli and depletion in Prevotella,
Megamonas, Firmicutes and Sutterella (Fig. 3A).
Additionally, we found that profiles obtained from
older individuals showed significant differences in
the composition of fungal taxa between young
and older age groups. The top three most signif-
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Fig. 2. Exploration of beta diversity of bacterial and fungal taxa between young and older individuals. A) A plot of the Constrained Principal
Coordinate Analysis (PCoA) based on Bray-Curtis distance matrix between young and older age groups for bacteria. B) A plot of the
Constrained Principal Coordinate Analysis (PCoA) based on Bray-Curtis distance matrix between young and older age groups for fungi.
A significant segregation between the two groups for both bacteria and fungi was found (p-value <0.001; permutation test with pseudo-F
ratios). C) A network plot based on Bray-Curtis distances for bacteria. D) A network plot based on Bray-Curtis distances for fungi. The
nodes are the subjects and two vertices are connected with an edge if the maximum distance is less than or equal a default value of 0.7. The
length of the edge is the maximum distance between the two vertices. The package igraph from R software was used to create the network.
Older and young corresponding clusters are represented by 4 and A, respectively. The solid shapes in the network plots indicate the 10
samples that were analyzed by shotgun metagenomics. CAP1 and CAP2 represent the canonical principal coordinates 1 and 2.

icant differences were observed in Saccharomyces
cerevisiae, unclassified Ascomycota, and Candida
albicans. (Fig. 3B). The false discovery rate (FDR)
p-values reported in Table 1 were used to assess sta-
tistical significance of the univariate analysis results.
FDR p-value adjustments were calculated using the
Benjamini and Hochberg (details are in the Methods
section). Adjusted p-values (i.e., FDRs) <0.05 were
considered significant.

3.7. Shotgun metagenomics

Shotgun metagenomics data for 10 human sub-
jects (S1-S10), from the young and older age groups,
was run through the standard workflow for whole
metagenome shotgun sequencing described in the
Methods section, with the exception of strain pro-
filing (StrainPhlAn). This analysis gave us an idea
about the taxonomic profiling of the analyzed shotgun
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Table 1

The top taxonomic features identified by univariate analysis for
the young versus older age groups of study participants

Taxon Relative Abundance FDR
Difference

Bacteria

Prevotella -21.94 % 0.02
Megamonas 297 % 0.03
Firmicutes -1.63 % 0.02
Sutterella -0.98 % 0.03
Fungi

Unclassified Ascomycota 78.61 % 0.01
Unclassified fungi 4.26 %, 0.05
Candida dubliniensis 0.45 % 0.05

metagenomic DNA reads, in addition to the func-
tional profiling of the gut microbiota.

3.7.1. Taxonomic profiling of metagenomics
reads

Supplementary Table S3 summarizes the bac-
terial taxonomy results, on the species level, for
all DNA samples obtained from 10 human sub-
jects (S1-S10). These samples were run through
MetaPhlAn2 described in the Methods section.
Species abundances were passed through a basic filter
requiring each species to have at least 0.01% abun-
dance in at least 10% of all samples. A total of 124
species remained after applying the basic filtering
of the 126 total unfiltered species. The top 15 most
abundant bacterial species in all analyzed samples
(S1-S10) are shown in supplementary Figure S5.

3.7.2. Functional profiling of the metagenomics
reads

In order to identify the functional relationships
between the composition of gut microbiota and
age-related biological processes, we conducted a
metagenomics functional profiling analysis using
shotgun metagenomic sequencing data for 10 human
study subjects from the young and older age groups.
Representative samples for the metagenomics anal-
ysis were selected based on their compositional
microbial profiles identified from the B-diversity
analysis; selecting samples from human subjects
that had microbial composition closer to the aver-
age for each group (i.e., for both young and older
groups) obtained from the PCoA analysis (Fig. 2).
The metagenomics analysis was performed by map-
ping around 63.54 % reads to established functional
genes. Statistical differences in pathway richness
(i.e., the number of unique pathways) were calcu-

lated using a generalized linear model. Our pathway
results showed substantial differences in the enrich-
ment results of 48 pathways between the young
and older age groups (Fig. 4). Pathways that had
lower abundance in the older age group, in compar-
ison with the young group, involved the following
pathway categories: 1) amino acid biosynthesis
pathways, such as PWY-724 superpathway of L-
lysine, L-threonine and L-methionine biosynthesis
II, PWY-2942 L-lysine biosynthesis III, and PWY-
5097 L-lysine biosynthesis VI; 2) Carbohydrate
metabolism pathways, such as PWY-7111 pyru-
vate fermentation, PWY-1042 glycolysis IV, and
PWY-6737 starch degradation V; 3) cell structure
biosynthesis pathways, such as PWY-6386, UDP-
N-acetylmuramoyl-pentapeptide biosynthesis II and
PWY-6387, UDP-N-acetylmuramoyl-pentapeptide
biosynthesis [; and 4) Vitamin biosynthesis pathways,
such as PWY-3841 folate transformations II and
PWY-7357 thiamine formation from pyrithiamine
and oxythiamine.

Furthermore, we evaluated the correlation between
bacterial genera and metabolic pathways with sta-
tistically significant differential abundance between
young and older age groups (Table S4). PWY-6386
(UDP-N-acetylmuramoyl-pentapeptide biosynthesis
IT) was the most differentially abundant pathway
between the young and older group, showing a sta-
tistically significant bias towards the young group. In
order to understand the significance on this pathway
for biological aging, we mined the MetaCyc pathway
database for further information and identified list of
genes enriching PWY-6386 pathway. The expected
genomic range for this pathway included the genera
Actinobacter and Firmicutes (Table S5).

4. Discussion

The study of age-related changes in human gut
microbiota is a rapidly developing area of research
[7, 39, 40], but a detailed description of the gut
mycobiota impact is still missing. To the best of our
knowledge, this is the first report on the emerging
gut mycobiota role in aging among Middle East-
ern populations. In this study, we determined shift
in compositional changes of human gut microbiota
with age. First, we described the bacterial taxonomic
composition among different age groups. Biologi-
cal aging exerts strong effect on bacterial richness
and complexity [6, 41, 42]. The observed higher
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Pathway Abundance from Shotgun Metagenomics Data Analysis
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Fig. 4. Functional profiling of young and older adulthood microbiota based on shotgun metagenomics. Derived from whole metagenome
shotgun data, the bar plot shows log2 ratios of the average pathway abundance for young and older subjects of each pathway. Older and
young pathways that are more abundant are represented in white and black, respectively.

bacterial richness among the older adulthood age
group may correlate with certain biological func-
tions related to aging. Indeed, changes in bacterial
composition were found to play a major role in
age-related illnesses such as chronic inflammation,
constipation, and impaired cognition [25, 43, 44]. For
example, we reported change in ratio of Prevotella
taxa (relative abundance difference between older
and young groups of —21.9351%, p-value <0.0232)
among the older age group which can contribute
to an instability in the microbiota composition and
increase inflammation according to Claesson et al.
[6]. On the other side, we noted greater proportion
of Bacteroides spp. (relative abundance difference
of 4.9234%, p-value <0.029) in our older age group
when compared to younger individuals and distinct
density patterns of Clostridium (relative abundance
difference of 0.91%, p-value <0.0430) and E.coli
(relative abundance difference of 1.95%, p-value
<0.0112) in the older [6, 8, 45]. These bacterial
alterations belonging to pathobionts, a microbiota
opportunist that are able to thrive and sustain inflam-
matory environment (Biagi et al. 2013). We therefore
correlate that pathobiont overgrowth might contribute
to inflammation which affect health condition of older
individuals.

As a second objective of our study, we explored
gut fungal communities (mycobiota). Gut mycobiota
was first characterized as members of the normal gut
flora in 1967, comprises a small percentage of the
total gut microbiota (1%) [46]. Very little is known
about the impact of gut mycobiota on aging [47].
In this study, we report an intriguing compositional
change in the bacterial and fungal communities of the
gut microbiota with age. Our results showed signifi-
cant changes in richness and composition of the gut
fungal taxa between young and older human subjects.
Perhaps age-associated changes in the gut microen-
vironment, including a declining host metabolic rate,
could possibly drive these compositional changes in
the commensal fungal community to maintain home-
ostasis. Several reports suggested that mycobiota can
significantly influence the gut bacterial composition
and may induce chronic inflammatory responses [15,
16, 20, 21]. For example, several reports have sug-
gested that mycobiota-induced dysbiosis in mice led
to worsened outcome of colitis and allergic airway
disease [15, 48]. Interestingly, our results revealed an
increased density of unclassified Ascomycota among
the older individuals (relative abundance difference
of 78.61% p-value <0.05) in comparison to the
young population. Alternatively, a significant reduc-
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tion in Saccharomyces (relative abundance difference
of —0.30%, p-value <0.0020) was observed. A recent
study found that Candida albicans mono-colonization
efficiently reversed dextran sodium sulfate (DSS)-
induced colitis after antibiotic induced eradication
of commensal bacteria in mice [49]. Extrapolat-
ing the findings of Jiang et al to our study results
suggests that the age-associated increase in unclassi-
fied Ascomycota composition may reduce age-related
inflammation in by attempting to maintain the overall
microbial gut homeostasis. Additionally, our results
also showed a decrease in Candida albicans, and
an increase in Candida dubliniensis number among
the older age group (relative abundance difference
of 0.45%, p-value <0.05). The overall composi-
tional changes in gut mycobiota with age, identified
in our study, suggest a putative role in biologi-
cal processes of aging, underscoring the need for
comprehensive functional investigations on the gut
microbiota. </para>

In order to detect further taxonomic differences at
ahigher resolution, and also get a glimpse of the puta-
tive functional relationships between the observed
compositional changes in gut microbiota and age-
related biological processes, we performed a shotgun
metagenomics analysis. Our results revealed that the
top statistically significant genes (Tables S4 and S5)
in differentiating between the older and young indi-
viduals led to the enrichment of important biological
pathways involved in aging, including amino acid
biosynthesis, carbohydrate metabolism, fatty acid
and lipid biosynthesis among others (Fig. 4). These
biological pathways are implicated in production of
short-chain fatty acids (SCFAs) and the regulation
of the saccharolytic potential [50-52]. For exam-
ple, a putrefactive dysbiosis could be caused by an
increase in putrefactive bacteria such as the unclas-
sified Bacteroides (relative abundance difference of
4.923%, p-value <0.0294) known to produce toxic
metabolites such as ammonia, amines, and phenols
which may constitute important predisposition fac-
tors for many gut diseases [53, 54]. Furthermore,
SCFAs are also known to play an important role in
immune regulation and gut barrier function [55-57].
Interactions between SCFAs and GPR43 receptor
affect inflammatory responses in mice models of col-
itis, arthritis and asthma [57]. Therefore, the lack
of SCFAs may sustain a pro-inflammatory envi-
ronment, worsening the health condition of aged
population [27, 58]. Altogether, these results sug-
gest that the gut microbiota in older individuals was
structurally and functionally compromised, and bio-

logically biased towards putrefactive metabolism.
Most importantly, our analysis identified PWY-6386
(UDP-N-acetylmuramoyl-pentapeptide biosynthesis
II) as the top most differentially abundant bio-
logical pathway in the young individuals versus
their older counterparts. This pathway is particularly
important for peptidoglycan biosynthesis in most
Gram-positive bacteria. Mounting evidence indicates
that gut microbiota exerts a wide range of effects
on host physiology and development through the
effects of their diverse peptidoglycans [59]. For
example, peptidoglycans can cross the blood brain
barrier, and they can also signal through Nod2 lead-
ing to the suppression the pathological inflammatory
response that may predispose to aging and dis-
ease [60] Glucosamine is highly concentrated in
joint tissues, and these storage sites are depleted
with age resulting in adverse age-related changes in
joints.. However, more studies are needed to eluci-
date the exact mechanisms of action of glucosamine,
UDP-N-acetyl-a-D-glucosamine, and peptidoglycan
as signaling molecules with putative effects on aging
pathways.

It is important to mention that the participants
in this study belonged to a limited geographic area
(Sharjah, UAE), and shared similar lifestyle and
dietary habits that facilitated studying the effect
of age on gut bacterial and fungal compositional
changes. We also controlled for dietary fiber intake
using DFI-FFQ and determined no significant differ-
ence between all age groups (p-value >0.74) (Table
S1).

5. Conclusions

In conclusion, our data reports on important
compositional and functional changes in the gut
microbiota with age. We observed an overgrowth
of potential pathobionts based on the relative ratio
changes of significant taxa between older human
subjects and younger individuals. The investigated
bacterial and fungal taxonomic profiles, suggested a
biological shift towards inflammation in older peo-
ple. Furthermore, older individuals exhibited lower
density of bacterial genes enriched in pathways that
are directly involved in the biosynthesis of SCFAs
and the regulation of the saccharolytic potential. We
also showed that the compositional changes in the
gut microbiota were not affected by gender, weight,
diet or the use of probiotics assessed in our study
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cohort. Altogether, our findings suggest a putative
role for the gut microbiota in the development of
biological aging. However, these finding showed be
followed by additional validation studies on larger
cohorts involving populations with different environ-
mental conditions and genetic backgrounds. Most
likely, these results can provide screening biomark-
ers to predict age-related disease and promote healthy
aging in an era of expanded elderly population with
increased demands of proper healthcare.
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