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SUMMARY Parkinson’s disease, alcohol abuse, and obesity are all associated with changes

in the gut microbiome composition and are among common health issues in the elderly.
Lower levels of butyrate-producing bacteria, which may be linked to disease
pathophysiology, have been identified in Parkinson’s patients and individuals dependent on
alcohol. Parkinson’s patients may also have altered abundances of the phyla Firmicutes and
Bacteroidetes, and individuals of higher body mass have been reported to have an increased
Firmicutes to Bacteroidetes ratio. Through bioinformatics analysis, our study explored the
impact of alcohol consumption and body mass on Parkinson’s, specifically focused on the
gut microbiota. Beta diversity metrics suggested no direct relationship between alcohol
consumption or body mass with gut microbiome composition. While alcohol consumption
did not impact the relative abundance of butyrate-producing genera, the relative abundance
of three anti-inflammatory genera were significantly lower in Parkinson’s groups, proposing
possible risk-reducing roles of these genera. An elevated Firmicutes to Bacteroidetes ratio
was not seen with increased body weight in Parkinson’s patients, suggesting it to be an
unsuitable obesity biomarker. However, the family Veillonellaceae, producers of a
metabolite previously associated with Parkinson’s and obesity, was more abundant in
overweight Parkinson’s patients. This study elucidated taxa relevant to further investigation
that may be important in the interplay between Parkinson’s disease, alcohol abuse, and
obesity.
INTRODUCTION

P

arkinson’s disease (PD) is a chronic neurodegenerative disorder that primarily affects
the elderly (1). Although a multitude of risk factors and gene mutations have been
linked to the development of PD, no singular root cause has been identified (1). One main
characteristic of this disease is the lack of dopamine in the brain, leading to the death of
dopaminergic neurons (2). The pathological progression of PD is well understood and is
separated into distinct stages which correlate with cognitive status and symptom severity (2,
3). Signs of illness include decline of motor functions, autonomic dysfunction, and
neuropsychiatric symptoms (1). Because no definitive test exists, PD is typically diagnosed
based on the evaluation of symptoms and history of clinical, imaging, biochemical, and
genetic biomarkers (1, 2).
In PD, gastrointestinal symptoms appear early, and research has proposed that the
disease may start in the gut (3). As dysbiosis of the gut microbiome has been linked to many
inflammation-driven diseases, investigations have also been performed to determine if these
alterations are related to PD (4). A 2020 study by Cirstea et al. explored how the microbiota
and its metabolism are associated with gut function in PD patients (5). 16S rRNA-based
sequencing of the microbiota and untargeted metabolomics were performed on fecal and
serum samples from a large cohort of 300 PD patients and controls (5). Using this dataset
and its associated metadata, taxonomic differences and microbial metabolites were
investigated in PD and control patients (5). Significant shifts in taxonomy away from shortchain fatty acid (SCFA) producers and elevated levels of proteolytic metabolites were
observed in PD patients and were associated with differences in gut function (5).
Lifestyle factors play a crucial role in the risk and progression of PD. Data collected
from the University of Rochester Medical Center found that alcohol abuse and obesity are
among the top ten most common health issues in those aged 65 years or older, which is the
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main demographic of PD patients (1, 6). These two health concerns increase the risk of or
are more prevalent in PD patients, while also being associated with changes in the gut
microbiome composition.
The exact impact of alcohol consumption in PD patients has not been wellcharacterized, despite previous studies in related areas. PD patients who consume very high
or low quantities of alcohol have been reported to have accelerated disease progression
compared to those who consume moderate amounts (7). Yet, a recent study found no
correlation between alcohol intake and PD (8). Additionally, different types of alcohol
appear to have different effects in PD patients (9). Regardless, alcohol has been shown to
alter the gut microbiome. It was reported that both PD patients and individuals highly
dependent on alcohol have lower levels of butyrate-producing bacteria in their gut
microbiota (5, 10). Butyrate is a metabolite of intestinal bacteria and has a prominent role in
intestinal homeostasis and gut metabolism, which may be how butyrate levels are linked to
PD pathophysiology via the gut-brain axis (11). Further studies are needed to verify
potential links between alcohol consumption and PD, and to determine if alcohol-induced
gut microbiome changes significantly impact PD progression.
Multiple studies have discovered that elevated alcohol consumption is linked to weight
gain and the risk of becoming overweight or obese (8, 12). This is of interest as changes in
body mass index (BMI), a measure of body fat calculated with weight and height, have been
associated with the risk and pathogenesis of PD (13, 14). Individuals of different BMI have
also been shown to have significantly different gut microbiota profiles. Notably, increased
BMI may lead to increased bacterial diversity and changes in abundance compared to those
with a normal BMI (15). Furthermore, multiple studies have proposed an increased ratio of
Firmicutes to Bacteroidetes (F/B ratio) as a hallmark of obesity after investigating the
relationship between obesity and the abundance of these two phyla (16). In PD, it is
possible that this ratio is altered as well, as some families within the Firmicutes phylum,
such as Erysipelotrichaceae, have been found to be elevated, while some families within the
Bacteroidetes phylum, such as Prevotellaceae, have been found to be lowered (4). While the
influence of increased BMI and PD on the composition of the gut microbiome have been
separately considered, no study has considered how the microbiome is affected by these two
variables together.
Despite recent strides in research into the progression, symptoms, and physiological
changes related to PD, no successful cure has been established, and only treatments in
reducing and managing symptoms are available (1). Using bioinformatics to analyse the
data and metadata from Cirstea et al. 2020, this study seeks to explore the impact of two
common health concerns on PD, with a specific focus on the gut microbiota. In particular,
the relationship between alcohol consumption and PD patient gut microbiota composition
and symptom severity will be examined. Based on previous literature, we hypothesize that
distinct bacterial compositions will be observed between patients with different alcohol
consumption levels. We predict that PD patients consuming more alcohol will have lower
abundance of butyrate-producing bacteria and more severe PD symptoms. Furthermore, the
combinatorial effect of BMI and PD on microbiome composition will be studied. It is
expected that patients of different BMI will have different microbiota, and that increased
BMI will lead to an increased F/B ratio. Examining the effects of these two common health
concerns on the composition of gut microbiota in PD patients is crucial in developing a
deeper understanding of the microbiome’s role in the root causes, risk factors and
associations of neurodegenerative diseases. Moreover, this understanding may be beneficial
in defining future health guidelines to reduce PD risk, as well as the development of
appropriate treatments and cures.

METHODS AND MATERIALS
Refer to Script S1 for all QIIME2 commands, and Script S2 for all R commands.
Processing raw 16S rRNA sequences. QIIME2 (v2020.8), a package for microbiome
analysis, was used for this stage (17). The 16S rRNA sequences from the original study
“Microbiota Composition and Metabolism Are Associated with Gut Function in Parkinson’s
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Disease” by Cirstea et al. (5) were first demultiplexed, then quality controlled using
DADA2 (18). The resulting feature table was used for further analysis, and to generate a
tree for phylogenetic diversity analyses.
Analysis of relationship between alcohol consumption and gut microbiome
composition in PD patients. Subjects were grouped into “none”, “low”, “moderate”, and
“high” alcohol consumption groups according to guidelines from the Canadian Centre on
Substance Use and Addiction (Table S1). Using QIIME2, the data was then filtered to
exclude any subjects who had taken more than five doses of antibiotics in the previous five
years, and this dataset was used for subsequent analysis for alcohol consumption. Beta
diversity analysis between subjects of different alcohol consumption groups was performed
using QIIME2.
Data outputs from QIIME2 were exported into R (v4.0.3) and R studio (v1.3.1093) (19,
20). The packages used in this analysis were tidyverse (21), vegan (22), phyloseq (23),
DESeq2 (24), dplyr (25), ggplot2 (26), data.table (27), rstatix (28), and ggpubr (29). The
relative abundance (RA) for each amplicon sequence variant (ASV) was calculated, and
those with less than 0.1% RA were filtered out. Features that were statistically insignificant
at an ⍺ value of 0.05 were also filtered out, and the remaining features were sorted based on
their adjusted p-value. Significant features were then merged with taxonomic classification
data and the data frame was subset to exclude subjects who did not have data available for
their daily alcohol consumption. The rstatix package was used to determine statistical
differences between groups by calculating an adjusted p-value via the Bonferroni method.
RA plots displaying adjusted p-values were created using ggplot2 and ggpubr packages as
described by Albouk (30).

FIG. 1 Alcohol consumption does not
affect gut microbiome composition
according to Weighted UniFrac beta
diversity metric. (A) Microbial communities
did not separate based on high (red),
moderate (orange), low (blue), and no
(green) alcohol consumption in PD patients.
(B) Box and whisker plot indicate that
Weighted UniFrac distances of gut
microbiome members do not differ between
no alcohol consumption and all other groups.
Corresponding pairwise PERMANOVA
statistics can be found in Table S3.
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Linear regression analysis. Any subjects with no data for their alcohol consumption or
BMI were removed from the analysis, and the remaining data points were plotted on a
scatterplot in Microsoft Excel (2019) (31). Linear regression was performed between
Unified Parkinson’s Disease Rating Scale (UPDRS) 1/2/3/4/Total scores and BMI versus
alcohol consumption.
Analysis of relationship between BMI and gut microbiome composition in PD patients.
Subjects were grouped into “control-normal”, “control-overweight”, “PD-normal”, and
“PD-overweight” categories based on their disease status and BMI (Table S2). Individuals
who fell into the other BMI categories (underweight, obese, morbidly obese) were filtered
out from analyses using QIIME2 due to low number of samples. Beta diversity analysis
between subjects of different disease status and BMI groups was performed using QIIME2.
Data outputs from QIIME2 were exported into R for analysis, and the same packages were
used as above, with the addition of indicspecies (32). RA analysis was performed to
compare the RA of Firmicutes and Bacteroidetes phyla between “PD-overweight” and “PDnormal” or between “control-overweight” and “control-normal” categories. Differential
abundance analysis was done at the family level to assess differences in taxonomic
composition between “PD-overweight” and “PD-normal” categories. Feature filtering was
performed as above. Indicator taxa analysis was performed at the family level to find taxa
that are present at different levels in the “PD-overweight” group.
RESULTS
Weighted UniFrac beta diversity metric revealed no differences in gut microbiome
composition between PD patients with different alcohol consumption levels. Beta
diversity metrics were analysed to determine if the microbiome composition was
significantly different between PD patients who consumed different levels of alcohol.
Multiple beta diversity metrics were run in an exploratory approach to see if the differences
in composition were more driven by abundance or phylogenetic relatedness. To visualize
differences in beta diversity metrics, Jaccard, Bray-Curtis, Weighted UniFrac and
Unweighted UniFrac analyses were displayed on principal coordinates analysis (PCoA)
plots (Figure 1 & Figure S1). Across the four beta diversity metrics, Bray-Curtis (Figure S1)
and Weighted UniFrac (Figure 1A) exhibited microbial community similarities of the
majority of samples in one area, while Jaccard and Unweighted UniFrac (Figure S1)
showed no microbial community similarities at all. Axis 1 on the Weighted UniFrac plot
explained the highest percent variance (41.18%), compared to all other axes of all other
PCoA plots. Despite microbial communities showing similarity by clustering in one area of
the Bray-Curtis and Weighted UniFrac plots, no distinct clustering was seen based on the
four categories of daily alcohol consumption. This is emphasized by the box and whisker
plots (Figure 1B & Figure S2), which demonstrates the lack of significant difference in
distance between the gut microbiome composition of no alcohol consumption and all other
groups, measured by any of the four beta diversity metrics. Further, q-values from
PERMANOVA analysis confirmed that there were no significant differences between
alcohol consumption groups across the four beta diversity metrics (Tables S3 - S6). From
this data, there appears to be no apparent community structure similarities of alcohol
consumption groups based on any of the beta diversity metrics, indicating that alcohol
consumption does not directly drive any changes in gut microbiome composition.
Alcohol consumption did not affect the relative abundance of genera associated with
butyrate production, but overall, PD subjects showed depletion of butyrate-producing
genera. Previous research by Cirstea et al. identified several genera of butyrate-producing
bacteria that were significantly less abundant in PD subjects relative to controls (5). RA
analysis was carried out in our study to validate these findings and investigate further if
alcohol consumption similarly leads to changes in abundance of butyrate-producers. RA
analysis of these genera revealed three were differentially abundant between PD and
controls, while the remaining two genera were not. Roseburia, Faecalibacterium, and
Lachnospira (Figure 2C - E) appeared to be present at higher levels in healthy controls
relative to subjects with PD, while there was no difference in the RA of Blautia and
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FIG. 2 Relative abundance of
several important butyrate
producers varies between control
and PD patients, but not between
alcohol consumption groups in
control or PD subjects. Differential
abundance analysis was performed on
the (A) Blautia, (B) Coprococcus, (C)
Faecalibacterium, (D) Lachnospira,
and (E) Roseburia genera. ⍺ = 0.05.
*p<0.05, *** p<0.001, ns = not
significant.

Coprococcus (Figure 2A - B). None of the five genera analysed (Roseburia, Blautia,
Coprococcus, Faecalibacterium, Lachnospira) were differentially abundant within alcohol
consumption groups (Figure 2A - E, Tables S7 - S11). Therefore, alcohol consumption does
not change the RA of these five genera of butyrate producers, but Roseburia,
Faecalibacterium, and Lachnospira are significantly less abundant in the gut microbiomes
of PD subjects.
Average alcohol consumption did not significantly correlate with BMI or PD symptom
severity. To determine if a relationship between alcohol consumption and BMI exists
within this dataset, linear correlation analysis was performed. No significant correlation was
seen, as indicated by the low R2 value of 0.0015 (Figure 3A). In order to verify claims of
correlation between PD symptom severity and alcohol consumption, the UPDRS score was
used as a measure of PD symptom severity and linear regression was performed to assess
the correlation with average alcohol consumption. For all 4 subscores (Figure S3) as well as
total UPDRS score (Figure 3B), there was no significant correlation between alcohol intake
and PD symptoms severity, as indicated by low R2 values (UPDRS 1 = 8x10-6, UPDRS 2 =
0.0047, UPDRS 3 = 0.0027, UPDRS 4 = 0.0006, UPDRS Total = 0.022). Altogether, no
direct relationship between alcohol consumption and BMI or PD progression is supported
by our data.
Weighted UniFrac beta diversity metric revealed no differences in gut microbiome
composition between participants with different PD disease statuses and BMI. Beta
diversity was calculated via Weighted UniFrac analysis (Figure 4A). This metric was
chosen as it best represented the data for alcohol consumption and results from related past
literature. The PCoA plot of Weighted UniFrac explained a high percent variance at
56.75%. The four categories based on PD disease status and BMI score did not reveal
distinct microbial communities. A subset of patients, unrelated by the disease-BMI groups,
had similarities in microbial communities. Box and whisker plots of Weighted UniFrac
distances showed similar findings as the PCoA analysis, since distances between gut
microbiomes of overweight PD patients and three other groups do not appear to differ
(Figure 4B). These observations were supported by the q-values from PERMANOVA
analysis (Table S12), which confirmed that there were no significant differences. Overall,
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this data suggests that neither PD disease status nor BMI drives changes in gut microbiome
composition.
Abundance of Firmicutes and Bacteroidetes did not differ for overweight PD patients.
The F/B ratio was investigated in overweight PD patients, as previous literature has cited a
higher F/B ratio as a possible hallmark of obesity in animal and human gut microbiomes
(16). The analysis showed no significant differences (adjusted p-values > 0.05) in the RA of
Firmicutes or Bacteroidetes between overweight individuals and normal controls (Figure 5).
This was true for both participants with or without a PD diagnosis, questioning the validity
of an increased F/B ratio as a suitable hallmark of obesity.
The family Veillonellaceae was differentially abundant and an indicator taxon in
overweight PD patients. Further investigation into species that are differentially abundant
between PD and BMI categories was conducted to fully examine the research question.
Differential abundance analysis on the family level revealed that Veillonellaceae,
Lachnospiraceae, Desulfovibrionaceae and Alcaligenaceae appeared to be more abundant in
overweight PD patients, while Victivallaceae appeared to be more abundant in PD patients
with a normal weight range (Figure S4). Further analysis found that Veillonellaceae was
also an indicator family of overweight PD patients, along with another family,
Peptococcaceae (Table S13). Veillonellaceae appeared to be not as specific for the “PDoverweight” group but had high fidelity, and hence was present in the majority of these
patients. Differential abundance analysis and indicator taxa analysis successfully identified
potential families of interest associated with PD patients or changes in BMI.
DISCUSSION
Microbiota composition of alcohol consumption groups. We hypothesized that PD
patients consuming different levels of alcohol would differ in microbiota composition, and
that higher alcohol consumption would be associated with lower abundance of butyrateproducing bacteria and more severe PD symptoms. Based on the analyses performed on
“none”, “low”, “moderate”, and “high” alcohol consumption groups, neither one of these
hypotheses were supported. It was seen that the beta diversity of these groups did not differ,
and that no significant relationship existed between alcohol consumption and butyrateproducing bacteria or PD symptom severity.
While no significant differences were present in the microbiome composition between
the groups of different alcohol consumption levels investigated, as measured by beta
diversity, some unrelated similarities between patients were seen. This similarity in
microbial structures of patients appeared to be more driven by abundance than phylogenetic
distance. The two metrics showing a pattern in microbial community similarity, Bray-Curtis
and Weighted UniFrac, consider abundance, while the other two with no pattern, Jaccard
and Unweighted UniFrac, take into account phylogenetic distance.
No significant correlation between alcohol consumption and PD symptom severity was
suggested by our study. This is consistent with many other sources, such as the Million
Women Study, which found no correlation between alcohol consumption and PD risk (8).
Interestingly, some studies claim that alcohol acts as a protective agent against neurological
degeneration associated with PD (33). Yet other sources claim that alcohol consumption can
indeed increase the chances of PD diagnosis (34). The diverse findings of these studies are
unusual, but recent review papers have attempted to explain these inconsistencies. A metaanalysis was performed on studies that examined links between PD risk and alcohol
consumption (35). It was determined that the studies which found correlations between
alcohol intake and PD risk were more likely to have weaknesses in their methodologies,
namely increased selection bias and recall bias issues (35). Overall, this shows that while it
is currently difficult to make definitive claims regarding the correlation between PD risk
and symptom severity in relation to alcohol intake, it is clear that future studies must have
rigorous study design to avoid these biases.
Butyrate is a SCFA molecule with a variety of roles in the gut, including inducing
regulatory T cell (Treg) activation, acting as a nutrient source for gut epithelial cells and
being involved in anti-inflammatory signaling pathways (36). Many other studies have
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found that genera of butyrate producers such as Roseburia, Faecalibacterium, and
Lachnospira are less abundant in the gut microbiota of PD patients (4, 5). Butyrate
producers are generally believed to reduce inflammation in the gut (4), which may explain
the increased gut inflammation and opportunistic infections in subjects with less butyrate
producers in their gut microbiomes (37). Faecalibacteria, being one of the most important
contributors to butyrate production in the gut, is believed to mediate their anti-inflammatory
effects through maintaining gut homeostasis and thereby the integrity of the gut epithelial
layer (38, 39). Similarly, the Roseburia genus has been shown to promote antiinflammatory signalling, in part by promoting Treg proliferation in the gut (40). The
Lachnospira genus, in addition to containing many crucial butyrate-producing species, has
also been correlated with butyrate, vitamin B3, and B5 synthesis (41). Interestingly, these
two vitamins may have antioxidative and anti-inflammatory properties, along with
protective capabilities against neurodegenerative diseases (41). Vitamin B3 levels have
been shown to be much lower in PD patients, which may be due to Lachnospira depletion
in the gut (42).
Recent studies have begun to link intestinal inflammation to immunological
dysregulation, and in turn to neurodegenerative disease progression. Essentially, changes in
the composition of the gut microbiota can lead to increased local and systemic
inflammation, which then increases blood-brain permeability (43). This, along with other
factors, increases neuroinflammation, leading to neurodegeneration that drives PD
progression (43). Therefore, it is possible that the observed decreases in the butyrateproducing and anti-inflammatory genera are causing increased intestinal inflammation
which subsequently drives PD neurodegeneration.
While Cirstea et al. found significantly reduced levels of all five butyrate-producing
genera investigated in PD patients, our study found significant reductions in only three of
them. This may be due to differences in filtering prior to DESeq2 analysis, as well the
removal of subjects who had taken more than five doses of antibiotics in the last five years.
Relationship between alcohol consumption and BMI. While previous literature indicates
that alcohol consumption may be linked to changes in BMI, no correlation was observed
between average alcohol consumption and BMI of patients in our study. Alcohol
consumption may play a role in influencing BMI, but other factors can affect weight as
well. PD patients can experience changes in appetites, changes in motor function,
depression, and medical complications, all of which may lead to weight changes (44). These
variables were not controlled for in the analysis performed and may explain why no
correlation was observed.
Microbiota composition of disease BMI groups. We hypothesized that PD patients of
different BMI would have different microbiota, and that increased BMI would be associated
with an increased F/B ratio. Based on the analyses performed on “PD-overweight”, “PDnormal weight”, “control-overweight”, and “control-normal” patients, this hypothesis was
not supported. From the analyses, the diversity of these groups did not differ, and no
significant relationship existed between these groups and the abundance of Firmicutes and
Bacteroidetes phyla. However, interestingly, the family Veillonellaceae was found to be
both differentially abundant and an indicator taxon for “PD-overweight” individuals.
Beta diversity analysis was also performed for disease-BMI groups, using the Weighted
UniFrac beta diversity metric which best represented the alcohol consumption data. This
metric takes into account both phylogenetic distance and abundance, and was chosen as
previous literature described changes in both the abundance and the composition of the
microbiome (15). While there were no significant differences between groups, a similar
pattern of unrelated microbial community similarity was observed in the Weighted UniFrac
plot for alcohol consumption. The fact that this pattern appears twice, despite looking at two
different variables, suggests that it is not by chance and there is in fact another variable
driving this likeness in microbial community composition. This variable may also be
linking daily alcohol consumption and BMI scores in some way.
Early experiments in animal models found consistent increased Firmicutes and
decreased Bacteroidetes in obese mice compared to wildtype, and this was supported by
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research in the gut microbiota of humans with obesity (45, 46). Many studies since have
also found a correlation between the F/B ratio and BMI, while other studies exist where no
trend was found (47). Recently, a meta-analysis was performed on many research studies on
this topic to investigate these contradictory results. These conflicting findings may be due to
varying methodology in sequencing and quantifying taxa as well as differences in sample
handling, which raises doubts of the existence of a relationship between F/B ratio and BMI
(47). Additionally, as this index considers the relatively high taxonomic rank of phyla, the
complexity of the microbiota may not be well explained by the ratio alone (48). The results
from our study indicate no relationship between overweightness and the abundance of
Firmicutes or Bacteroidetes, supporting the increasing literature that is calling into question
the use of this ratio as a possible hallmark of obesity.
While no relationship was observed between the F/B ratio and BMI, a family in the
Firmicutes phylum, Veillonellaceae, was found to be more abundant in overweight PD
patients through both differential abundance and indicator taxa analysis. Veillonellaceae are
obligate anaerobes that can commonly be found in the gut of humans and some other
animals (49). This family has previously been correlated with obesity (50), high fat diets
(51), and the conversion of lactate to produce propionate (52), a SCFA which may be
associated with weight changes (53). Notably, propionate is one of the SCFAs elevated in
the microbiota of PD patients (54). Veillonellaceae may also be of note as this taxon has
been found to be more prevalent in patients with liver cirrhosis, a condition which can be
caused by overconsumption of alcohol (55). The increased abundance seen here may further
link the two health concerns investigated in our study.
Limitations. Several limitations restricted the scope of our study, including the origin of the
metadata used in all analyses. The collection of metadata was done with the purpose of
supplementing the Cristea et al. study with covariate information, rather than focusing on a
main research question investigating them. Therefore, a wide representational range of
alcohol consumption levels or BMI was not covered by the metadata. For example, alcohol
consumption numbers were skewed to the lower side, with a majority of the samples falling
in the “low” category, thus not having an equal number of samples in each category. This
calls into question the validity of the findings from the alcohol section, and further
examination into the specific relationship between gut microbiome composition and alcohol
consumption is needed. In previous investigation of BMI, many studies tend to compare the
extremes and present a more evident pattern. However, for our study, “underweight”,
“obese”, and “morbidly obese” groups were excluded from analyses due to the low number
of patients belonging to these groups. It is possible that trends exist at the extremes of BMI
but were not observed due to the constraints of the dataset. Due to the nature of this study,
no further collection of samples was possible to supplement the analysis.
Additionally, limitations of the Cirstea et al. paper also extend to our study. Firstly, the
existing metadata only allows for correlational studies, thus no causal conclusions could be
drawn. Moreover, the gender ratio of the samples was skewed to males, as they are
disproportionately affected by PD diagnoses. Accordingly, since a number of the control
individuals were spouses, there was a higher number of females in the control group. In the
original Cirstea et al. study, they considered the gender imbalances in their analysis and it
had no major impact on their findings. Although our study did not account for the role of
gender, that is a valuable consideration in future studies.
Quantification of intestinal inflammation at the cellular or tissue-level was also not
possible due to limited expertise, as well as resource and time constraints. Butyrate is one of
the primary indicators of gut inflammation. Investigating immune cell responses or gene
expression changes of intestinal epithelia in response to changing microbiome composition
would have provided valuable information on the relationship between alcohol consumption
and microbiota composition. Moreover, previous studies have suggested the type of alcohol
consumed mediates the impact of alcohol intake on PD risk (9). Since the metadata from
Cirstea et al. did not specify the type of alcohol in their alcohol intake measures, it was
impossible to further explore this claim.
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Conclusions The in silico analysis of metadata collected by Cirstea et al. gave insight on
putative associations between gut microbiome composition in PD patients with daily
alcohol consumption and BMI. These findings suggest no correlation between alcohol
consumption levels and PD progression, measured through symptom severity. Furthermore,
alcohol was not found to affect the relative abundance of butyrate-producing genera in the
gut microbiome in control or PD patients. The relative abundances of the genera Roseburia,
Lachnospira, and Faecalibacterium were significantly lower in PD groups. The antiinflammatory properties of these genera suggest that they may play a role in reducing PD
risk in healthy individuals. Additionally, this study shows no association between changes
in gut microbial composition and BMI or PD status. These findings indicate the abundance
of Firmicutes and Bacteroidetes is not linked to increased body weight, suggesting that the
F/B ratio is not a suitable biomarker for obesity. Lastly, the family Veillonellaceae was
found to be more abundant in overweight PD patients compared to normal weight controls.
Future Directions The data analyses performed in this study lays a foundation for multiple
future directions. A repeat analysis of the association between alcohol consumption and
BMI in PD patients, with other relevant variables such as mental health, changes in appetite,
and changes in motor function matched between groups, may lead to more significant
results consistent with suggestions from previous literature. As both the alcohol
consumption and BMI analyses revealed an unexplained microbial community composition
pattern via Weighted UniFrac beta diversity analysis, it is very likely that another factor,
related to the abundance of microbiota species, is driving this observation. Future studies
can either use the same metadata set from Cirstea et al. to analyse if any collected variables
drive this community structure or repeat a similar sample collection protocol to analyse new
data in order to examine possible relationships with the gut microbiome composition. A
repeated data collection on another group of PD patients would also allow a wider and more
even distribution of alcohol consumption or BMI among individuals, in order to validate our
findings.
Specifying the type of alcohol consumed would allow more specific hypotheses to be
tested regarding the relationship between alcohol consumption and PD symptom severity.
Future work can also aim to examine intestinal inflammation markers via identifying and
quantifying immune cells in the gut, analysing inflammation-associated gene expression
changes in the host, and performing proteomic analysis to identify secreted proinflammatory cytokines and signalling proteins. Additionally, the role of the family
Veillonellaceae can be further investigated in overweight and alcoholic PD patients, as a
link between a metabolite produced by this taxon and these health concerns may exist. It
would also be interesting to evaluate if gender has a mediating role on how alcohol
consumption and BMI can influence the gut microbiome composition of PD patients.
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