
Resistant starch improves Parkinson’s disease symptoms through 
restructuring of the gut microbiome and modulating inflammation

Viacheslav A. Petrov a,1 , Sebastian Schade b,1 , Cedric C. Laczny a,1 , Jenny Hällqvist c ,  
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A B S T R A C T

Alterations in the gut microbiome and a “leaky” gut are associated with Parkinson’s disease (PD), which implies 
the prospect of rebalancing via dietary intervention. Here, we investigate the impact of a diet rich in resistant 
starch on the gut microbiome through a multi-omics approach. We conducted a randomized, controlled trial with 
short-term and long-term phases involving 74 PD patients of three groups: conventional diet, supplementation 
with resistant starch, and high-fibre diet.

Our findings reveal associations between dietary patterns and changes in the gut microbiome’s taxonomic 
composition, functional potential, metabolic activity, and host inflammatory proteome response. Resistant starch 
supplementation led to an increase in Faecalibacterium species and short-chain fatty acids alongside a reduction 
in opportunistic pathogens. Long-term supplementation also increased blood APOA4 and HSPA5 and reduced 
symptoms of PD.

Our study highlights the potential of dietary interventions to modulate the gut microbiome and improve the 
quality of life for PD patients.

1. Introduction

Parkinson’s disease (PD) is the second most common neurodegen
erative disorder. PD typically progresses slowly with early, non-motor 
symptoms such as constipation, loss of smell, and fatigue, developing 
gradually and culminating in the disruption of the extrapyramidal 
neuronal system. The latter results in motor complications, bradyki
nesia, tremor, rigidity, postural instability, and dementia in later stages 

(Bloem et al., 2021). One hallmark of PD-related changes in the brain is 
the loss of dopaminergic neurons in the substantia nigra region of the 
midbrain linked, for most disease phenotypes, to the accumulation of 
Lewy bodies − proteinaceous aggregates mostly comprised of alpha- 
synuclein (Bloem et al., 2021). PD-related neurodegeneration occurs 
not only centrally, but also in the peripheral nervous system, with the 
gut nervous system being involved early on (Braak et al., 2003). This is 
reflected by the prevalence of early gastrointestinal symptoms in the 
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preclinical stage of the disease (Warnecke et al., 2022). The full etiology 
of PD is still not understood, however, both genetic and environmental 
factors are important for disease onset and clinical course (Ben-Shlomo 
et al., 2024). Due to the early involvement of the gut, the role of gut- 
specific factors, such as the gut microbiome and nutrition, has lately 
gained extensive research interest in the context of PD.

The gut microbiome is altered in PD, both in drug-naive and treated 
patients (Scheperjans et al., 2015; Petrov et al., 2017; Hill-Burns et al., 
2017; Heintz-Buschart et al., 2018; Keshavarzian et al., 2015; Aho et al., 
2019; Li et al., 2019). The core changes in microbiome composition are 
well-replicated among different cohorts and include enrichments in 
specific bacterial genera, notably Bifidobacterium, Lactobacillus, Akker
mansia, and the archaeal genus Methanobrevibacter, coupled to an 
enrichment in opportunistic pathogens and reduction of short-chain 
fatty acids (SCFAs) producers such as Faecalibacterium (Romano et al., 
2021; Nishiwaki et al., 2024), which is supported by the decrease in 
faecal and blood levels of SCFAs seen in PD (Chen et al., 2022; Unger 
et al., 2016; Aho et al., 2021). This combination of changes demon
strates the development of a pro-inflammatory microbiome state, which 
further promotes neuroinflammation and aggravates alpha-synuclein 
aggregation, as recapitulated using representative animal models 
(Sampson et al., 2016; Kim et al., 2022).

Diet shapes the gut microbiome structure and function (Ross et al., 
2024). Specifically, for PD, the quality of diet is known to affect the gut 
microbiome composition (Kwon et al., 2024). On the other hand, an 
adherence to diets rich in dietary starch has been shown to be inversely 
associated with PD onset and severity of clinical symptoms. According to 
large-scale prospective studies, a high consumption of fruits, vegetables, 
nuts, and tea has been linked to a decrease in the risk of PD onset 
(Tresserra-Rimbau et al., 2023; Gao et al., 2007). Similarly, consuming 
fresh vegetables, fruits, nuts, and seeds leads to an improvement of PD 
symptoms, while canned food, fried food, soda, and beef leads to a 

worsening of symptoms (Mischley et al., 2017). Thus, dietary in
terventions represent promising modulators to alleviate gut dysbiosis 
and improve the quality of life of affected individuals.

Several studies on the interaction between dietary interventions, 
microbiome composition, and PD clinical course have been imple
mented (Becker et al., 2022; Hall et al., 2023; Hegelmaier et al., 2020; 
Rusch et al., 2021; Bedarf et al., 2025). While these studies have 
demonstrated a normalisation of the gut microbiome and lessening of 
PD symptoms, the long-term effects and their stability have not been 
assessed. Here we aim to close this gap by providing a detailed analysis 
of the effect of short- and long-term dietary interventions on PD with an 
in-depth description of both the host and microbiome side. We employ 
metagenomic sequencing as well as metabolomics on patient-derived 
faecal samples to resolve the taxonomic composition and the func
tional potential. Inflammatory blood marker data enables the identifi
cation of differences in proteins in human circulation and linking these 
to taxonomic and functional microbiome features.

2. Materials and methods

2.1. Study design, participants and intervention

In a single-centre, open-label, randomised, controlled, longitudinal, 
interventional trial, we enrolled patients with PD by randomly applying 
different nutritional interventions (mixed diet group, supplement group, 
high-fibre group) for two weeks (short-term) followed by 48 weeks 
(long-term, including an 8 week wash-out phase) in a subset of the 
supplement group (Fig. 1).

Investigators and subjects were blinded for group allocation during 
baseline investigations. Subjects, aged between 40 and 85 years and 
diagnosed with PD in accordance with the UK Brain Bank Diagnostic 
Criteria (UKBBC) in Hoehn and Yahr stage 1–4 with and without motor 

Fig. 1. Study design. The colors of the pipes represent the dietary groups: supplement group (blue), high-fibre group (green), and mixed diet group (red). The 
number in the circles represents the numbers of samples available for a time point. Baseline: BL, Visit: V.
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fluctuations, were included after written informed consent. Subjects 
with known severe vascular encephalopathy or normal-pressure hy
drocephalus, suspicion of atypical PD or drug-induced PD, with known 
intestinal pathologies (e.g. ulcerative colitis, Crohn’s disease), contra
indication for longitudinal blood sampling (e.g. severe anemia), use of 
statins, probiotic, prebiotic or antibiotic products until 4 weeks prior to 
study entry or patients on vegetarian/vegan diet until 4 weeks prior to 
study entry were excluded.

Following permuted block randomization procedures, participants 
were assigned to 1 of 3 treatment groups (mixed diet group, supplement 
group, or high-fibre group) by a computer-generated random number 
list using random block sizes of 6, 9, and 12. The allocation sequence 
was concealed by an investigator with no clinical involvement in the 
trial in sequentially numbered, opaque, sealed, and stapled envelopes. 
The envelopes were attributed to subjects consecutively according to the 
time of enrollment and were opened only after the enrolled participants 
completed all baseline investigations.

After treatment allocation, in-patient subjects in the mixed diet 
group received a conventional diet (ad libitum), subjects in the sup
plement group received 5 g resistant starch type 3 thrice daily 
(commercially available as SymbioIntest®) in addition to a conventional 
diet (ad libitum), and subjects in the high-fibre group received a high 
fibre/vegetarian diet. Meals were provided by the clinic’s in-house 
kitchen for food preparation for all patients. The study was monitored 
by a certified dietary assistant. Subjects of the supplement group that 
lived close to the clinic were asked to continue in the long-term 
(outpatient) treatment and received 5 g resistant starch type 3 twice 
daily. SymbioIntest® contains resistant starch, isomaltulose, gluco
mannan, anticaking agent silicon dioxide, Stevia Rebaudioside, and the 
vitamin biotin. One sachet of SymbioIntest® stirred into a glass of non- 
sparkling water was drunk with the main meals.

At baseline, one week, and two weeks after treatment initiation, we 
collected stool and blood samples, clinical, pharmacological, and 
nutritional data. Faecal samples were snap-frozen immediately after 
defecation and stored at − 80 ◦C until shipment for analysis. Blood 
samples were collected according to standardized operating and safety 
procedures of the Paracelsus-Elena-Klinik Kassel and stored at − 80 ◦C 
until shipment for analysis. On each visit, patients were examined by a 
trained neurologist, and clinical data were collected using validated 
scales: Non-Motor Symptoms Questionnaire (NMSQ) (Chaudhuri et al., 
2006), Non-Motor Symptoms Scale (NMSS) (Chaudhuri et al., 2007), 
Parkinson’s Disease Questionnaire 39 (PDQ 39) (Jenkinson et al., 1997), 
Movement Disorder Society − Unified PD Rating Scale (MDS-UPDRS) 
(Goetz et al., 2008) parts I, II, and III. Concomitant medication was used 
to calculate the levodopa equivalent daily dose (LEDD) (Schade et al., 
2020) Nutritional data was collected from the clinic’s kitchen software 
“Chefs Culinar JOMOsoft” (https://www.chefsculinar.de/jomosoft-641. 
htm). Additionally, patients were asked to keep a separate diary of their 
food intake and fill in a food-frequency questionnaire.

For subjects in the long-term treatment, above mentioned in
vestigations were repeated bimonthly for 48 weeks, of which 40 weeks 
were on treatment and 8 weeks post-intervention phase (“wash-out”). At 
these outpatient visits, returned resistant starch sachets were counted, 
and new sachets were distributed. For the long-term intervention, data 
from all participants at baseline and data from participants from the 
mixed diet group were used as a control.

The nutritional intervention has been defined as non- 
pharmacological by German authorities (Ministerium für Soziales, 
Gesundheit, Frauen und Familie Saarland; E 4 lfd.Nr. 98/2015) in 
reference to European jurisdiction (European Court of Justice, 
15.11.2007 − C-319/05). The study protocol has been reviewed and 
approved by the local Ethics Committee (Ethik-Kommission bei der 
Landesärztekammer Hessen) under number FF 25/2018 and amend
ment 1 dated from 26.09.2018. The study has been registered in the 
German Clinical Trials Register (registration number DRKS00037268). 
The study was performed in accordance with the Declaration of Helsinki 

and the International Conference on Harmonization Good Clinical 
Practice Guidelines. All patients provided written informed consent 
before study participation. The incidence and severity of all adverse 
events (AE) were recorded according to the study protocol. The infor
mation recorded included (i) the time of the occurrence and the duration 
of the event; (ii) frequency of the event; (iii) severity and intensity; (iv) 
causality assessment; (v) outcome of the event; (vi) measures required to 
eliminate the consequences of the adverse event; (vii) information on 
the investigator registered the event. No AE occurred in this study; 
hence, no specific action was required.

2.2. DNA extraction and metagenomic sequencing

DNA was extracted from 150 mg of stool per sample using the 
DNeasy PowerLyzer PowerSoil Kit (Qiagen). The protocol of the kit was 
followed, with the modification that the lysis steps were performed on a 
Fastprep (MP Biomedicals). 750 µl of PowerBead Solution was added to 
the kit-provided PowerBead tube, followed by the addition of 60 µl of 
Solution C1. The aliquoted stool sample was added to the PowerBead 
tube, and bead beating was performed on a Fastprep with one cycle of 
45 s at 4.0 m/sec. The resulting solution was centrifuged at 10,000 x g 
for 30 s, and the supernatant was transferred to a clean 2 ml Collection 
Tube provided in the kit. 250 µl of Solution C2 was added, vortexed for 5 
s, and incubated for 5 min at 2-8◦ C. The tube was then centrifuged at 
10,000 x g for 1 min. Up to 750 µl of the supernatant was transferred to a 
clean 2 ml Collection Tube provided in the kit. 200 µl of Solution C3 was 
added, and the tube was briefly vortexed, followed by incubation for 5 
min at 2-8◦ C. The tube was then centrifuged at 10,000 x g for 1 min, and 
the supernatant was transferred to a clean 2 ml Collection Tube provided 
in the kit. 1200 µl of Solution C4 was added to the supernatant and 
vortexed for 5 s. 675 µl of the supernatant was loaded onto an MB Spin 
Column, centrifuged at 10,000 x g for 1 min, and the flow-through was 
discarded. This was repeated twice to process the entire sample. 500 µl 
of Solution C5 was added and centrifuged at 10,000 x g for 30 s. The 
flow-through was discarded, and the tube centrifuged again at 10,000 x 
g for 1 min. The MB Spin Column was then placed in a clean 2 ml 
Collection Tube provided by the kit. 100 µl of Solution C6 was added to 
the center of the white filter membrane and centrifuged at 10,000 x g for 
30 s. The flow-through was preserved, and the MB Spin Column was 
discarded. DNA extraction was followed by an RNase treatment and 
DNA purification. RNase A (Qiagen; stock concentration 100 mg/ml) 
was diluted to a concentration of 20 µg/ml, added to the extracted DNA 
and incubated at 65 ◦C for 60 min. 10 % 3 M Sodium acetate (pH 5.2) 
and 2.5 volumes of 100 % EtOH were added. The tube was inverted to 
mix and kept at − 20◦ C for 90 min. The tube was then centrifuged at 
maximum speed for 30 min at room temperature. The supernatant was 
discarded, and the remainder was washed with 70 % EtOH (400 µl). This 
was followed by another centrifugation at maximum speed for 5 min at 
room temperature. The resulting pellet was left to air-dry for 10 min and 
then resuspended in 40 µl H20. DNA quality and quantity were deter
mined using a NanoDrop spectrophotometer 1000 (Thermo Scientific) 
and a Qubit fluorometer (Thermo Scientific; Qubit HS DNA chip), 
respectively. Sample libraries were prepared using xGen DNA Lib Prep 
(IDT, ref. no. 10009822) according to the manufacturer’s protocol. 
Prepared libraries were quantified using Qubit and quality controlled 
using a fragment analyzer. Libraries were pooled in equimolar concen
tration and sequenced by the Genomics platform of the Luxembourg 
Centre for Systems Biomedicine (LCSB) (RRID:SCR_021931) on an Illu
mina NextSeq2000 with a read length of 2x150bp.

2.3. Sequencing data processing and analysis

Metagenomic sequencing data were processed and assembled using 
the Integrated Meta-omic Pipeline (Narayanasamy et al., 2016) as fol
lows. The reads were trimmed, quality-filtered, and then mapped 
against the human genome (T2TCHM13v2) to remove host 
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contamination. Remaining reads were assembled using MEGAHIT (Li 
et al., 2015) (1.2.9). Assembled contigs were annotated using Bakta 
(Schwengers et al., 2021), and predicted structural features were pro
cessed with Mantis (Queirós et al., 2021) for the functional annotation 
with KEGG (Kanehisa and Goto, 2000) (RRID:SCR_012773) and CAZy 
(Cantarel et al., 2009) databases. Feature quantification was done using 
featureCounts (Liao et al., 2014). Taxonomical annotation of the 
quality-filtered reads was done with Kraken2 (Wood et al., 2019) at a 0.5 
confidence threshold with the GTDB (release 220) database (Parks et al., 
2022). Additionally, for the prediction of microbial loads (detailed in the 
Statistical analysis section), microbial abundances were generated using 
mOTUs (Ruscheweyh et al., 2022) (3.1.0).

2.4. Faecal metabolomic analysis

The extraction and measurement of short-chain fatty acids (SCFAs), 
as well as the extraction and untargeted GC–MS analysis of faecal 
samples, were carried out as previously described by De Saedeleer et al 
(De Saedeleer et al., 2021). Metabolomic analysis was done by the 
Metabolomics platform (RRID:SCR_024769) of the LCSB. Targeted data 
analysis (SCFAs) was conducted using Agilent MassHunter Quantitative 
Analysis for GCMS software (Version 10.2, Build 10.2.733.8). Absolute 
quantification of target compounds was performed using external cali
bration curves prepared from a Volatile Free Acid Mix (Sigma-Aldrich), 
covering a concentration range of 10 to 4000 µmol/L. Other GC–MS 
chromatograms were processed using MetaboliteDetector, 
v3.220190704 (Hiller et al., 2009). Compounds were initially annotated 
by retention time and mass spectrum using an in-house mass spectral 
library. Internal standards were added at the same concentration to 
every medium sample to correct for uncontrolled sample losses and 
analyte degradation during metabolite extraction. The data was 
normalized by using the response ratio of the integrated peak area of the 
analyte and the integrated peak area of the internal standard.

2.5. Inflammation-related proteomic analysis

Serum samples were processed as previously described (Hällqvist 
et al., 2024). Specifically, serum samples were depleted from albumin 
and IgG using Pierce Top2 cartridges (Thermo Fisher Scientific, Wal
tham, Massachusetts, US) following the manufacturer’s instructions. 
150 µg whole protein yeast enolase (ENO1) was added to the cartridges 
as an internal standard to account for digestion efficiency. The depleted 
samples were freeze-dried before the addition of 20 µL of lysis buffer 
(100 mM Tris pH 7.8, 6 M urea, 2 M thiourea, and 2 % ASB-14). The 
samples were shaken on an orbital shaker for 60 min at 1500 rpm. To 
break disulphide bonds, 45 µg DTE was added and the samples incu
bated for 60 min. To prevent disulphide bonds from reforming, 108 µg 
IAA was added and the samples incubated for 45 min covered from light. 
165 µL MilliQ water was added to dilute the concentration of urea and 1 
µg trypsin gold (Promega, Mannheim, Germany) was added before 16 h 
of incubation at + 37 ◦C to digest the proteins into peptides. To purify 
the peptides, solid phase extraction was performed utilising BondElute 
100 mg C18 96 well-plates (Agilent, Santa Clara, USA). The cartridges 
were washed with two 1 mL aliquots of 60 % ACN, and 0.1 % TFA before 
equilibration by two 1 mL aliquots of 0.1 % TFA. The concentration of 
TFA in the samples was adjusted to 0.1 %. The samples were loaded, and 
the flow-through was captured and reapplied. Salts were washed away 
from the bound peptides by two 1 mL aliquots of 0.1 % TFA. The pep
tides were eluted by two 250 µL aliquots of 60 % ACN, and 0.1 % TFA. 
Solvents were evaporated using a vacuum concentrator. Quality control 
(QC) samples were prepared by pooling equal amounts from a random 
subset of the samples. Calibration curves ranging from Lower calibrant 
(LLOQ) to 1 pmol/μL were constructed in blank and matrix by spiking 
increasing amounts of peptides into blank and QC samples. Before 
analysis, the samples were reconstituted in 40 µL 5 % ACN, 0.1 % FA.

Analysis was performed by targeted tandem mass spectrometry. The 

peptides were separated and detected on a Waters (Manchester, UK) 
Acquity (UPLC) system coupled to a Waters Xevo-TQ-XS triple quadru
pole operating in positive ESI mode. The injection volume was 7 µL and 
the column was a Waters Acquity Premier Peptide BEH C18, 300Å, 1.7 
µm, maintained at 40 ◦C. The mobile phase was A: 0.1 % formic acid in 
water, and B: 0.1 % formic acid in acetonitrile. The gradient elution 
profile was initiated with 5 % B and held for 0.25 min before linearly 
increasing to 40 % B over 9.75 min to elute and separate the peptides. 
The column was washed for 1.6 min with 85 % B before returning to the 
initial conditions and equilibrating for 0.4 min. The flow rate was 0.6 
mL/min. Baker’s yeast ENO1 was utilised to monitor digestion efficiency 
and as an internal standard. The amino acid sequences and instrumental 
parameters for the multiple reaction monitoring of each peptide can be 
found in Supplementary Table S19.

After acquisition, peak picking and integration were performed using 
TargetLynx (version 4.1, Waters) or an in-house application (“mrmIn
tegrate”) written in Python (version 3.8, RRID:SCR_008394). mrmInte
grate is publicly available to download via the GitHub repository http 
s://github.com/jchallqvist/mrmIntegrate. The integration method to 
produce areas under the curve is trapezoidal integration. The applica
tion allows for retention time alignment and simultaneous integration of 
the same transition for all samples. Peptide peaks were identified by the 
blank and matrix calibration curves. The integrated peak areas were 
exported to Microsoft Excel (RRID:SCR_016137) where first the ratio 
between quantifier and qualifier peak areas was evaluated to ensure that 
the correct peaks had been integrated. The quantifier area was divided 
by the area of the internal standard Baker’s yeast ENO1 to yield a ratio 
used for the determination of relative concentrations. Any compound 
that also showed an intensity signal in the blank samples had the blank 
signal subtracted from the analyte peak intensity. Pooled quality control 
samples were additionally evaluated to assess the robustness of the run.

2.6. Statistical analysis

Statistical analysis was conducted with the R programming language 
version 4.4.0. Before the analysis, read-based species abundance pro
duced by Kraken2 and functional profiles based on the KEGG and CAZy 
databases were filtered to retain features present in at least 30 % of 
samples in each group or in 50 % of samples in any one group; un
identified features were set to be zero. Faecal metabolomic data were 
total sample sum scaled, and inflammation-related proteome data were 
preprocessed as described (Section 2.5).

For the multivariate analysis, we computed distance matrices be
tween samples based on measured features separately for each dataset. 
The Aitchison metric was used for taxonomic and functional micro
biome profiles, and the Euclidean metric was used for the blood in
flammatory proteome and faecal metabolome data. Non-metric 
multidimensional scaling (NMDS) was used to project the distance 
matrices into a two-dimensional space (monoMDS function of vegan R 
package (Oksanen et al., 2025) (RRID:SCR_011950). NMDS plots were 
manually checked for the presence of multivariate outliers, which were 
subsequently excluded from the downstream analysis. In total, we 
excluded four samples from the inflammation-related proteome data 
(short-term intervention) and two samples from faecal metabolomic 
data (longitudinal intervention). Multivariate analysis was performed 
with permANOVA for distance matrices (adonis2 function of vegan R 
package) with 9999 permutations constrained by unique patient labels 
and estimation of marginal effects for all terms included in the model.

Several types of technical and biological covariates were foreseen 
and controlled during the multivariate analysis. For all sequencing- 
based data, we included sequencing size factors to take into account 
variation in the sequencing depths between samples (with the estima
teSizeFactorsForMatrix function of the DESeq2 (Love et al., 2014) R 
package) and predicted microbial loads (MLP (Nishijima et al., 2025) R 
package). For faecal metabolome data, sample batches were included as 
a covariate. To effectively control a wide range of potential clinical and 
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biological covariates, such as age, gender, body mass index (BMI), 
medication/LEDD, etc, we produced a linear recombination of them 
measured at baseline with the principal component analysis (prcomp 
function of stats R package, Supplementary Table S20). As a represen
tation of covariates, we selected the first ten principal components that 
cumulatively explain around 55 % of the clinical data variability. For 
each dataset, we tested these covariates along with the dietary inter
vention types in a multivariate model and retained for the univariate 
testing only those that were significant (p < 0.05).

Univariate analysis was performed with Generalized Estimating 
Equations (geepack (Højsgaard et al., 2006) R package). The unique 
patient labels were used as clusters, and “ar1” was chosen as a corre
lation structure. Before the analysis, taxonomic and functional micro
biome profiles were transformed with the centered log-ratio 
transformation (compositions (van den Boogaart et al., 2024) R pack
age), and all data were mean-centered and scaled. In the case of a three- 
group comparison, p-values were computed with the ANOVA type II (car 
(Fox et al., 2024) R package), and estimated marginal means (emmeans 
(Lenth et al., 2025) R package) were used for the posthoc test.

Pathway enrichment analysis was conducted with the enrichKO 
function of the MicrobiomeProfiler R package (Yu and Chen, 2025) with 
standard parameters.

When applicable, p-values were adjusted for multiple testing with 
the Benjamini & Hochberg procedure, associations were considered 
significant at q-value < 0.05 after correction, and for omics-wide anal
ysis, associations with q < 0.1 were considered. In addition to that, 
Bonferroni correction was used for the KO functional profile analysis in 
the longitudinal intervention. Figures were produced with BioRender 
and ggplot2 (Wickham et al., 2025), ggrepel (Slowikowski et al., 2024), 
ggpubr (Kassambara, 2023), ComplexHeatmap (Gu, 2022), and patch
work (Pedersen, 2024) R packages.

3. Results

3.1. Cohort characteristics

74 participants were included in the short-term intervention of the 
study (26 in the mixed diet group, 25 in the supplement group and 23 
participants in the high-fibre group). Ten participants from the supple
ment group were enrolled in the long-term intervention (Fig. 1).

To adjust for possible clinical covariates in subsequent statistical 
analyses, we computed principal components (clinical PCs) based on the 
participants’ clinical data, representing their health status at baseline of 
the study (detailed in Methods). Baseline characteristics of enrolled 
participants are summarized in Table 1. Subjects were generally well 
matched at baseline with no significant differences between treatment 
groups in age, sex, duration of the disease, LEDD, clinical PD scales, 
predicted gut microbial loads, or clinical PCs between the groups 
(Table 1).

At baseline and during each visit, participants donated stool and 
blood samples for the shotgun sequencing-based gut microbiome, faecal 
metabolome, and blood inflammatory proteome analysis. In total, 251 
microbiomes, 258 faecal metabolomes, and 291 blood inflammatory 
proteomes were generated (Fig. 1). For each omics layer, we tested for 
differences in gut microbiome taxonomic composition, functional po
tential, and faecal metabolite and inflammatory protein levels at base
line. At baseline, no differences were identified in the studied omics 
features, supporting the homogeneity of the groups before the inter
vention (Supplementary Table S1–S6).

3.2. Results of the short-term intervention

We did not register any adverse events during the short-term inter
vention. As expected by the study design, individuals in the high-fibre 
group consumed significantly more fibre than the other groups (p =
0.001). To assess the influence of the short-term dietary intervention on 

omics features, we estimated the effect of dietary group membership, 
and average fibre consumption using multivariate and univariate ana
lyses. For the multivariate analysis, we included omics-specific technical 
covariates as well as clinical PCs. Resistant starch consumption status 
was redundant with group membership and hence omitted from further 
analyses. The dietary pattern was significantly associated with the Kyoto 
Encyclopedia of Genes and Genomes (KEGG) orthologs (KO) functional 
potential of the microbiome, whereas the duration of the intervention 
correlated with the taxonomic composition and metabolic activity 
(Supplementary Fig. S1). Predicted microbial loads, major influencing 
factor for the gut microbiome (Nishijima et al., 2025), were found to be 
linked to both, the taxonomic and the functional composition. This 
measurement was therefore included along with other covariates asso
ciated with specific omics layers (Adonis2 p < 0.05) in the univariate 
model to control for confounding effects and to increase the overall 
statistical power.

The univariate analysis highlighted differences in taxonomic and 
functional composition (Figs. 2A-2G, Supplementary Table S7–S8), as 
well as in the faecal metabolomic profiles between the dietary groups 

Table 1 
Baseline characteristics of enrolled participants.

Mixed diet 
group

Supplement 
group

High-fibre 
group

p

Number of participants 26 25 23 NA
Gender, female (%) 10 (38.5) 9 (36.0) 12 (52.2) 0.477
Age (mean (SD)) 64.88 

(9.27)
63.88 (9.08) 61.65 

(8.66)
0.449

BMI (mean (SD)) 26.54 
(4.97)

26.96 (4.13) 26.83 
(3.51)

0.939

Duration of disease, 
months (mean (SD))

115.04 
(67.58)

76.16 (57.57) 84.87 
(53.72)

0.060

LEDD (mean (SD)) 885.22 
(532.66)

624.31 
(453.56)

723.07 
(323.41)

0.119

MDS-UPDRS part I total 
score (mean (SD))

10.16 
(6.79)

9.46 (5.62) 9.43 (5.59) 0.893

MDS-UPDRS part II 
total score (mean 
(SD))

13.52 
(7.24)

12.11 (7.75) 12.05 
(7.59)

0.745

MDS-UPDRS part III 
total score (mean 
(SD))

32.88 
(14.22)

33.44 (11.05) 31.87 
(14.98)

0.920

Hoehn and Yahr Scale 
(mean (SD))

2.50 (0.81) 2.28 (0.68) 2.48 (0.85) 0.550

NMSS total score (mean 
(SD))

53.88 
(33.18)

45.08 (30.20) 44.26 
(33.57)

0.507

NMSQ total score 
(mean (SD))

9.97 (4.91) 9.01 (5.50) 7.62 (4.23) 0.260

PDQ-39 score (mean 
(SD))

1.07 (0.60) 0.80 (0.56) 0.90 (0.56) 0.242

Predicted microbial 
loads, scaled (mean 
(SD))

− 0.20 
(0.98)

0.03 (0.87) 0.33 (0.72) 0.137

Clinical PC1 (mean 
(SD))

0.95 (2.96) − 0.64 (2.74) − 0.23 
(2.21)

0.096

Clinical PC2 (mean 
(SD))

0.48 (2.22) − 0.06 (2.23) 0.05 (2.36) 0.670

Clinical PC3 (mean 
(SD))

− 0.05 
(2.33)

− 0.43 (2.18) 0.56 (1.84) 0.280

Clinical PC4 (mean 
(SD))

− 0.04 
(1.96)

− 0.34 (1.63) − 0.33 
(1.50)

0.773

Clinical PC5 (mean 
(SD))

− 0.44 
(2.33)

− 0.26 (1.97) 0.11 (1.38) 0.607

Clinical PC6 (mean 
(SD))

− 0.05 
(1.94)

− 0.37 (1.86) 0.36 (1.41) 0.359

Clinical PC7 (mean 
(SD))

0.37 (1.86) 0.41 (1.12) − 0.22 
(1.58)

0.302

Clinical PC8 (mean 
(SD))

− 0.46 
(1.86)

0.15 (1.31) − 0.07 
(1.53)

0.383

Clinical PC9 (mean 
(SD))

0.25 (2.13) 0.03 (1.44) − 0.01 
(1.18)

0.840

Clinical PC10 (mean 
(SD))

0.07 (1.51) − 0.34 (1.68) − 0.14 
(0.83)

0.583
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Fig. 2. Microbiome, metagenome, and metabolome differences between studied groups at the short-term intervention. (A) Differences in taxonomic composition and 
KEGG functional profile between the supplement (blue), high-fibre (green), and mixed diet (red) groups on the short-term intervention (Anova q < 0.05). Dots 
represent the estimated marginal means of groups, and whiskers represent standard errors. Asterisks indicate the level of significance of post-hoc comparisons (dot is 
p < 0.1, * is p < 0.05, ** is p < 0.005, *** is p < 0.0005, and **** is p < 0.00005). (B-G) Correlation between the scaled abundance of microbial species and dietary 
fibre consumption in grams (q < 0.05). (H-I) Differences in the faecal metabolome levels (q < 0.05) of pyroglutamic acid (H) and erythronic acid (I) at each time 
point (on the left) and total for the short-term intervention (on the right). For metabolites, regression residuals are plotted, orange dots represent group means.
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(Figs. 2H-2I, Supplementary Table S9). Specifically, patient groups 
receiving either the dietary supplement or the high-fibre diet were 
characterized by a decrease in the abundance of antimicrobial resistance 
enzyme lincosamide nucleotidyltransferase A/C/D/E and Actinomyces 
sp. oral taxon 169, while Actinomyces oris also showed a decreasing trend 
(p-value = 0.006, q-value = 0.125, Supplementary Table S7). Strepto
coccus anginosus was depleted in the microbiome of individuals from the 
high-fibre group compared to the mixed diet group. The abundance of 
three Faecalibacterium species, namely Faecalibacterium duncaniae, Fae
calibacterium sp. I3-3–89, and Faecalibacterium sp. IP-3–29 was increased 
in the supplement group compared to the mixed diet group. Dietary fibre 
consumption negatively correlated with the abundance of Anaerotruncus 
colihominis, Dysosmobacter sp. Marseille-Q4140, Enterocloster bolteae, 
Lachnoclostridium phocaeense, and Maliibacterium massiliense (Figs. 2B- 
2F, Supplementary Table S10). At the same time, [Bacteroides] pectino
philus demonstrated the opposite trend (Fig. 2G). In the faecal metab
olome, dietary supplement intake was associated with an increase in 
pyroglutamic acid and a decrease in the levels of erythronic acid 
(Figs. 2H-2I, Supplementary Table S9).

3.3. Results of the long-term intervention

We did not register any adverse events during the long-term inter
vention. Multivariate analysis of the long-term intervention data 
demonstrated the correlation of the dietary supplement administration 
with all measured omics layers except for Carbohydrate-Active enZYmes 
groups (CAZy functional profile). We found the duration of the inter
vention to be associated with changes in the KEGG functional profile 
(Supplementary Fig. 2).

The KEGG functional profiles exhibited the most prominent changes 
in response to long-term dietary supplement administration. Specif
ically, 52 KEGG orthologs were significantly decreased and 191 were 
significantly increased after FDR adjustment, with 20 remaining sig
nificant after Bonferroni correction (p < 0.05/5532, Fig. 3A, Supple
mentary Table S11). The enrichment analysis conducted on the 
differentially abundant KEGG orthologs revealed increases in the 
following KEGG pathways in the metagenomes of individuals from the 
dietary supplement group: two-component system, flagellar assembly, 
biofilm formation, protein export, O-antigen nucleotide sugar biosyn
thesis, starch and sucrose metabolism, peptidoglycan biosynthesis, 
bacterial chemotaxis, and biosynthesis of amino acids (Fig. 3B). 

Pathways related to sulfur metabolism, biosynthesis of teichoic acid, 
terpenoid backbone and carotenoids, cationic antimicrobial peptide 
resistance, glycolysis, and gluconeogenesis were decreased in abun
dance (Fig. 3B). Within the CAZyme functional profiles, we identified a 
decrease in the abundance of glycoside hydrolase family 20 (GH20) and 
glycoside hydrolase family 33 (GH33) enzymatic groups in the meta
genomes of the supplement group (Fig. 4A, Supplementary Table S12).

Dietary supplement administration was further associated with an 
increase in the abundance of the bacterial species Faecalibacterium I4- 
1–79, Faecalibacterium sp. I4-3–84, as well as the bacteriophages Cau
doviricetes sp. and Inoviridae sp., whereas the abundances of the bacterial 
species Olsenella uli and Rothia dentocariosa were decreased (Fig. 4A, 
Supplementary Table S13). In the faecal metabolome of the supplement 
group, total SCFA levels and acetic acid increased, while erythronic acid 
decreased, consistent with the results of the short-term intervention 
(Fig. 4A, Supplementary Table S14–S15). In the inflammatory blood 
markers, dietary supplement intake was positively correlated with the 
levels of Apolipoprotein A-IV (APOA4) and heat shock protein family A 
member 5 (HSPA5) (Fig. 4A, Supplementary Table S16).

To assess the effect of the dietary supplement administration on the 
patients’ condition and associated symptoms, the clinical PD scales 
NMSQ, NMSS, PDQ 39, MDS-UPDRS parts I, II, and III were compared 
before and after dietary intervention, as well as during the intervention 
timeline while controlling for LEDD (Fig. 4B). We identified a significant 
decrease in all measured clinical scales after the supplement adminis
tration (Supplementary Table S17). Additionally, the UPDRS Part III 
scale, which assesses the severity of motor symptoms, showed a signif
icant decreasing trend throughout the intervention (Supplementary 
Table S18), while other scales exhibited non-linear dynamics over the 
intervention period.

3.4. Multi-omics association analysis

To further investigate inflammatory blood markers, metabolites, and 
microorganisms associated with both the effect of dietary intervention 
and PD clinical scales, we conducted an omics-wide association analysis 
on the whole dataset. Due to a large number of statistical tests to perform 
with all features from each omics layer (35,538 in total), we preselected 
omics features associated with the dietary intervention with p < 0.05 (q 
< 0.05 for the KEGG functional profiles) for the analysis, resulting in a 
remainder of 2,580 statistical tests overall. We focused on results with q 

Fig. 3. Differences in KO functional profile on levels of KEGG orthologs and pathways. (A) Volcano plot of differences in KEGG orthologs between control sup
plement groups for the long-term intervention. The FDR-corrected statistically significant associations (q < 0.05) are marked in blue, the Bonferroni-corrected 
statistically significant associations (adj.p < 0.05) are marked in red, and non-significant associations (q > 0.05) are marked in grey. (B) Results of the pathway 
enrichment analysis (q < 0.05). The colors of the dots represent − log10 p-values (brighter colors for bigger values).
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< 0.1, highlighting the ones with q < 0.05. We identified 64 associations 
(q < 0.1), with 27 of them being statistically significant (q < 0.05) 
(Fig. 5).

Several omics features correlated with improvements in PD symp
toms and at the same time increased under the dietary supplement 
administration. We found higher blood levels of APOA4 to be associated 
with the improvement in non-motor symptoms of PD based on MDS- 
UPDRS part I, NMSS, and NMSQ scales, and quality of life measured 
with the PDQ 39 questionnaire. In the gut microbiome, the bacterial 
species Faecalibacterium sp. I4-3–84 and the bacteriophage species Ino
viridae sp. were found to be associated with an improvement in partic
ipants’ conditions (UPDRS part I clinical scale), whereas 
Faecalibacterium sp. I4-1–79 was found to be more abundant in in
dividuals with improvements in the PDQ 39. In the gut metagenome, the 
abundances of tyramine oxidase subunit A (K25271, tynA) and CRISPR 
system cascade subunit CasE (K19126, casE, cse3) were associated with 
an improvement in PDQ 39 and, together with carbon storage regulator 
(K03563, csrA), the degree of motor symptoms assessed using the MDS- 
UPDRS part II scale. Levels of tynA, csrA, and flagellin (K02406, fliC, 
hag) were negatively associated with the rate and intensity of the non- 
motor symptoms of PD.

In addition, we identified a number of omics features correlated with 
the severity of PD symptoms, which simultaneously decreased during 
the dietary interventions. We found that the severity of non-motor 
symptoms in PD correlated with higher abundances in Rothia dentocar
iosa and Enterocloster bolteae, alongside aspartate/glutamate/glutamine 
transport system ATP-binding protein (K10041, peb1C/glnQ), niacin 
transporter (K16788, niaX), competence protein ComGA (K02243, 
comGA), penicillin-binding protein 1B (K03693, pbp1b), tetracycline 
repressor protein (K18476, tetR), amidase (K01426, E3.5.1.4, amiE), 
glutaminase (K23265, purQ), mevalonate kinase (K00869, MVK, 
mvaK1), glycoside hydrolase family 20 (GH20), and sulfite dehydroge
nase subunit A (K05301, sorA). The decrease in general quality of life 
assessed with PDQ 39 correlated with an increase in peb1C/glnQ and 
amiE. The rate of PD motor symptoms (MDS-UPDRS part II) was asso
ciated with the abundances of tetR, amiE, and purQ, whereas the results 

of motor examination (MDS-UPDRS part III) correlated with the increase 
in tetR in the gut metagenome.

4. Discussion

Mounting evidence supports the role of the gut microbiome in PD 
pathology. Changes in diet can readily affect the gut microbiome’s 
composition and function, and thus represent a straightforward and 
generally well-tolerated form of intervention. In this single-centre, 
randomised, controlled, longitudinal, interventional trial, we studied 
the effect of two nutritional interventions (high-fibre diet or dietary 
supplement comprised of resistant starch) compared to a conventional 
diet, and the impact of a longer-term supplement intervention on the 
individuals diagnosed with PD. During the short-term dietary inter
vention, we did not identify major changes in classical clinical readouts 
(clinical PD questionnaire, physical examination) nor the inflammatory 
blood biomarker profiles. However, we identified modifications of the 
microbiome’s taxonomic structure and functional potential, as well as 
metabolic activity, whereby the changes are towards compositions that 
are typically considered to be health-promoting. Specifically, the 
abundances of several microorganisms and metabolites previously re
ported to be associated with PD changed in response to the short-term 
intervention. The abundances of members of the Faecalibacterium 
genus have recently been reported to be depleted in the gut microbiome 
of individuals with PD compared to healthy controls (Petrov et al., 
2017). In the present study, the dietary supplement led to an increase in 
the abundance of Faecalibacterium duncaniae, Faecalibacterium sp. I3- 
3–89, and Faecalibacterium sp. IP-3–29 species in the gut microbiome. 
We found both the dietary supplement and high-fibre diet intake to be 
associated with a decrease in Actinomyces sp. oral taxon 169 and Acti
nomyces oris abundance in PD, while the high-fibre diet was negatively 
correlated with the abundance of Anaerotruncus colihominis. Members of 
these two bacterial genera, Actinomyces and Anaerotruncus, were previ
ously found to be elevated in the gut microbiome of individuals with PD 
(Heintz-Buschart et al., 2018; Wallen et al., 2022; Baldini et al., 2020).

In the faecal metabolome, we identified increased pyroglutamic acid 

Fig. 4. Results of the long-term intervention. (A) Differences in taxonomic composition, CAZyme functional profile, faecal metabolite levels, and blood inflammatory 
protein levels between control supplement groups for the long-term intervention (q < 0.05). The color of the dots represents − log10 p-values (brighter colors for 
bigger values). (B-G) Results of clinical PD scales estimation for the control (in grey) and supplement (in blue) groups. Orange dots represent group means.
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Fig. 5. Results of the multi-omics-wide association analysis on the whole dataset. The asterisk indicates the level of significance (dot is q < 0.1 and * is q < 0.05). 
Features with identified associations with dietary intervention are listed in bold.
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levels after the administration of resistant starch supplementation. 
Pyroglutamic acid is an active compound of probiotic products with a 
number of beneficial properties, including the stimulation of GABA and 
acetylcholine release, which are disrupted in PD (Antonelli et al., 1984; 
Aiello et al., 2022). A decrease in pyroglutamic acid faecal levels has 
previously been reported in individuals with PD (Vascellari et al., 2020).

Mitochondrial dysfunction is one of the hallmarks of neurodegen
erative diseases and is especially relevant for PD pathogenesis and dis
ease progression (Henrich et al., 2023). We identified lower levels of 
erythronic acid, a marker of mitochondrial metabolism disturbance 
(Engelke et al., 2010) in people who received the resistant starch sup
plement, which could indicate improvement in mitochondrial meta
bolism following the intervention.

We identified additional potential health benefits of the dietary in
terventions. Specifically, we observed a decrease in the opportunistic 
pathogen Streptococcus anginosus, which is linked to gastrointestinal and 
genitourinary tract infections (Pilarczyk-Zurek et al., 2022) and Enter
ocloster bolteae, which is linked to gut dysbiosis observed in individuals 
with autistic spectrum disorders, multiple sclerosis, inflammatory bowel 
diseases, and chronic hepatitis B (Magdy Wasfy et al., 2023). A decrease 
in Enterocloster bolteae abundance in response to a Mediterranean diet in 
individuals with PD was shown previously (Rusch et al., 2021). In 
contrast, the abundance of the potential probiotic and SCFA-producing 
bacterium [Bacteroides] pectinophilus increased with increased dietary 
fibre intake. In the metagenome, we observed a decreased abundance of 
the lincosamide nucleotidyltransferase A/C/D/E ortholog, which pro
vides resistance to lincosamide antibiotics (Brisson-Noël et al., 1988). 
Both interventions led to statistically significant shifts in the gut 
microbiome taxonomic composition.

Under long-term resistant starch supplementation, we observed, 
among others, an enrichment in genes related to starch and sucrose 
metabolism as well as an increase in total SCFA levels in the gut, 
including also increased levels of acetate. SCFAs provide metabolic 
support for colonocytes and hepatocytes (Schönfeld and Wojtczak, 
2016), exhibit anti-inflammatory effects, support the maintenance of 
intestinal barrier integrity (Deleu et al., 2023), regulate gene expression 
in host cells via histone deacetylase inhibition (Chen et al., 2003), and 
are implicated in gut-brain axis signalling (Dalile et al., 2019). Acetate, 
amongst other SCFAs, has previously been reported to be decreased in 
individuals with PD compared to healthy individuals (Chen et al., 2022; 
Baert et al., 2021) Acetate is an important energy source for bacteria, 
including those from the Faecalibacterium genus (Verstraeten et al., 
2024). Acetate is used in the butyrate cycle for energy production and 
synthesis of another SCFA, butyrate (Verstraeten et al., 2024). In addi
tion to that, Faecalibacterium itself has been shown to indirectly promote 
SCFA production in an animal model (Zhou et al., 2021). Consistent with 
the link between acetate and Faecalibacterium, we observed a significant 
increase in Faecalibacterium sp. I4-1–79 and Faecalibacterium sp. I4-3–84, 
while Faecalibacterium prausnitzii and Faecalibacterium duncaniae showed 
a trend toward an increase in response to long-term resistant starch 
administration. These findings are in line with our results from the an
alyses of the short-term interventions and other reports on the effect of 
resistant starch on SCFA levels in the gut and blood of individuals with 
PD (Becker et al., 2022; Hall et al., 2023), suggesting health-beneficial 
changes in the gut microbiome’s metabolic activity following the 
intervention.

The energy input received from the resistant starch supplement 
provides resources to support the microbiome in the large intestine. 
More specifically, we found enrichments in bacterial chemotaxis, two- 
component systems, and flagellar assembly pathways within the gut 
metagenome (Keegstra et al., 2022). A meta-analysis previously 
revealed a decrease in these pathways in the gut microbiome of in
dividuals with PD compared to corresponding controls (Boktor et al., 
2023). Our findings thus point toward the recovery of intracommunity 
signalling and motility during and following the intervention. Enrich
ments in pathways related to the synthesis of the Gram-negative bacteria 

cell wall (O-antigen nucleotide sugar biosynthesis, peptidoglycan 
biosynthesis) coupled with a decrease in the teichoic acid biosynthesis 
pathway, which is important for Gram-positive cell wall synthesis, 
suggests a community shift towards enrichments in Gram-negative 
bacteria. At the same time, the enrichment in genes involved in bio
film formation coupled to protein export and biosynthesis of amino acids 
suggests a possible motility-to-biofilm transition process and a switch 
towards biofilm formation (Guttenplan and Kearns, 2013; Salemi et al., 
2024). On the level of individual KEGG orthologs, this shift is supported 
by the increase in the abundance of pilus assembly proteins (pilA, pilC, 
pilM). Pilins are multifunctional proteins located on the cell wall of 
different bacterial and archaeal species (Giltner et al., 2012) and are 
necessary for surface sensing and twitching motility over the surface 
(Persat et al., 2015). The biofilm mode of growth has been reported to be 
dominant for the gut microbiome and is linked to community stability 
(Flemming and Wuertz, 2019) and protection from intestinal damage, 
thus decreasing the colon permeability disrupted in PD (Nie et al., 2022; 
van IJzendoorn and Derkinderen, 2019). Disruption of intracommunity 
signalling and increase in intestinal permeability is present in a range of 
gut disorders, including inflammatory bowel disease (Dunleavy et al., 
2025; Baldassano and Bassett, 2016), which highlights the importance 
of dietary-dependent microbiome modifications for general gut health.

We found that the long-term dietary intervention led to responses on 
the human host side. These responses include changes in the inflam
matory blood proteome profiles and improvements in PD symptoms. 
These findings suggests lagged effects of the dietary interventions on 
classical clinical readouts. More specifically, we found that the levels of 
two blood proteins, APOA4 and HSPA5, were associated with resistant 
starch intake in the long-term intervention. HSPA5 is an endoplasmic 
reticulum chaperone involved in the unfolded protein response, which 
we found to be upregulated in the supplement group. Accumulating 
evidence shows that endoplasmic reticulum stress contributes to dopa
minergic neuron vulnerability in PD and promotes alpha-synuclein ag
gregation (Colla et al., 2012; Mou et al., 2020). HSPA5 has been shown 
to be elevated in the serum of individuals with PD compared to healthy 
controls, reflecting an adaptive response to heightened proteostatic 
stress (Hällqvist et al., 2024). Several groups have reported its neuro
protective activity both in vitro (Jiang et al., 2016) and in vivo in animal 
models (Pazi et al., 2024; Gorbatyuk et al., 2012). Specifically, HSPA5 
inhibits both microglia activation and the production of proin
flammatory cytokines, tumor necrosis factor-α (TNF-α) and interleukin- 
6 (IL-6) (Pazi et al., 2024), markers which are typically elevated in PD 
(Qu et al., 2023). In contrast, its knock-down was found to increase 
alpha-synuclein toxicity (Salganik et al., 2015). Thus, the upregulation 
of this chaperone is considered a potential therapeutic target in PD 
(Enogieru et al., 2019). According to our results, blood HSPA5 increases 
in response to the dietary intervention with the resistant starch sup
plement which likely leads to a decrease in alpha-synuclein aggregation 
and toxicity and confers a beneficial effect of the diet.

APOA4 is an apolipoprotein produced in the liver and intestine and is 
known for its anti-inflammatory properties. APOA4 limits the secretion 
of proinflammatory cytokines (TNF-α, IFN-γ, and IL-4) in chronic 
infection models (Recalde et al., 2004). It also has a hepatoprotective 
effect related to acute liver injury and nonalcoholic fatty liver disease (Li 
et al., 2021; Liu et al., 2022) and inhibits experimental colitis (Vowinkel 
et al., 2004). APOA4 regulates the production of acute-phase proteins, 
protease inhibitors, such as SERPINA3, implicated in PD pathogenesis 
(Hällqvist et al., 2024) in a dose-dependent manner. More specifically, 
low-to-median levels of APOA4 stimulate SERPINA3 expression, while 
high levels of APOA4 downregulate SERPINA3 expression (Zhang et al., 
2017). Beyond PD, APOA4 is also linked to Alzheimer’s disease. In
dividuals with Alzheimer’s disease show lower APOA4 expression in 
peripheral blood compared to healthy controls (Lin et al., 2015). In 
mouse models, APOA4 knockout worsens disease progression (Cui et al., 
2011). In line with our results indicating associations with improvement 
in the NMSS and MDS-UPDRS part I scales, APOA4 was shown to be 
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directly associated with the results of the MoCa test in Alzheimer’s 
disease (Kim et al., 2022), which underscores its relevance to cognitive 
health in neurodegenerative disorders. Currently, inflammation is rec
ognised as an important factor in PD pathogenesis and progression 
(Tansey et al., 2022; Yacoubian et al., 2023). The long-term dietary 
intervention appears to increase APOA4 blood levels, which may 
mediate the health benefits by contributing to the anti-inflammatory 
effects of the resistant starch supplement. Taken together, these find
ings support a model by which dietary modulation of the gut micro
biome enhances host anti-inflammatory (APOA4) and proteostatic 
(HSPA5) capacities. This dual action may relieve both systemic and 
neuronal stressors that drive PD progression. While causal links remain 
to be fully established, our data highlight APOA4 and HSPA5 as clini
cally relevant blood markers whose modulation by diet is consistent 
with improvements in PD symptoms.

Our results demonstrate significant improvements in the degree of 
motor (MDS-UPDRS parts II and III) and non-motor (MDS-UPDRS part I, 
NMSQ, and NMSS) symptoms as well as the quality of life (PDQ 39) of 
individuals with PD in response to the long-term intervention with the 
resistant starch supplement. Moreover, MDS-UPDRS part III scores 
demonstrated a significant decrease over the time of the intervention. 
Here, using the multi-omics-wide association analysis, we extend the 
identified association to a more detailed level of microbiome composi
tion, functional potential, metabolic production, and host organism 
response, identifying several mechanisms of action. Specifically, bacte
ria from the Faecalibacterium genus were both affected by the dietary 
intervention and associated with the improvement in PD clinical scales 
according to our results. Notably, the lysogenic bacteriophage Inoviridae 
sp., along with the abundance of the CRISPR system cascade subunit 
CasE, demonstrated a similar trend. The role of bacteriophages in human 
health and in relation to neurodegeneration is unclear, however, it has 
been demonstrated that a member of Inoviridae, phage M13, can interact 
with misfolded proteins, including alpha-synuclein and amyloid beta, 
leading to the disruption of aggregates (Krishnan et al., 2014; Dimant 
et al., 2009; Dimant and Solomon, 2010). While the identified associa
tion can be a reflection of the dynamics of microbial hosts of the phage, 
one might speculate that the increase in the Inoviridae sp. itself could be 
linked to the improvement in participants’ conditions. In addition, the 
abundance of tyramine oxidase subunit A ortholog was enriched after 
the dietary intervention and exhibited an association with an improve
ment in MDS-UPDRS parts I and II alongside PDQ 39 results. Tyramine 
oxidase subunit A is a subunit of the microbial monoaminooxidase 
enzyme, which catalyses the transformation of monoamines, including 
dopamine and tyramine, to 4-hydroxyphenylacetate (Arcos et al., 2010; 
Sandler et al., 1969). This compound exhibits anti-inflammatory and 
antioxidant effects in animal models (Liu et al., 2014; Zhao et al., 2018; 
An et al., 2024) and, according to Mendelian randomization analysis, 
mediates the microbiome effect on chronic gastritis risk (Xiang et al., 
2024). The anti-inflammatory effects of this compound could mediate 
the health-beneficial effects of the dietary supplement.

5. Limitations

Our pilot study has several limitations. Due to the number of subjects 
included in this pilot study, the resulting data may not fully represent 
the variability of PD phenotypes and gut microbiome compositions. The 
long-term arm included follow-up of the intervention group only, 
whereas the control group was assessed at baseline but not monitored 
longitudinally, limiting direct comparisons between groups in terms of 
the longer-term effects. Detailed dietary data were not collected for the 
long-term intervention part. The inclusion of exercise and sleep pattern 
information, as well as extending the list of lifestyle factors recorded, 
would benefit the study and should be considered in future works.

6. Conclusions

The present randomised, controlled, longitudinal study offers a 
comprehensive multi-omics characterisation of the dietary in
terventions’ impact on both the host and the gut microbiome. The re
sults of our study demonstrate the sustainable beneficial effect of long- 
term resistant starch administration on both motor and non-motor 
symptoms of PD. The effect is mediated by the remodeling of the gut 
microbiome of participants, specifically an increase in the abundance of 
health-beneficial microorganisms such as Faecalibacterium and a 
decrease in pathogenic Actinomyces, Rothia dentocariosa, and Enter
ocloster bolteae. On the metagenomic level, dietary intervention im
proves intracommunity signalling in the gut microbiome, which is 
shown to be altered in PD (Boktor et al., 2023) and starch and sucrose 
metabolism. The metabolic readout of these changes is an increase in the 
faecal levels of the total SCFA and acetate − health-promoting molecules 
with anti-inflammatory effects known to decrease in PD and inflam
matory bowel disease. From the host side, the intervention led to a 
decrease in erythronic acid, a marker of mitochondrial dysfunction, 
together with an increase in anti-inflammatory APOA4 and chaperone 
HSPA5, potentially mitigating PD-related neuroinflammation and 
alpha-synuclein toxicity. The evidence level of the findings is addition
ally strengthened by the randomised study design and extensive control 
of confounding effects.

Based on the study results, several improvements for future studies 
may be deduced. These include implementing a blinded, placebo- 
controlled design to strengthen causal inference regarding the dietary 
supplement, and extending the functional profiling of the microbiome 
beyond faecal metabolomics and metagenomics to incorporate meta
transcriptomic and/or metaproteomic levels of microbial community 
activity. Additionally, future studies on dietary interventions in PD 
would benefit from stratifying participants based on polygenic risk 
scores, given that genetic susceptibility to PD has been shown to 
modulate the protective effects of plant-based diets on disease onset 
(Tresserra-Rimbau et al., 2023).
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The IMP pipeline, which was used for metagenomic data analysis, is 
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imp/imp3. The R code used for statistical analyses and visualizations 
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Faßbender, K., Schwiertz, A., Schäfer, K.-H., 2016. Short chain fatty acids and gut 
microbiota differ between patients with Parkinson’s disease and age-matched 
controls. Parkinsonism Relat. Disord. 32, 66–72. https://doi.org/10.1016/j. 
parkreldis.2016.08.019.

Aho, V.T.E., Houser, M.C., Pereira, P.A.B., Chang, J., Rudi, K., Paulin, L., Hertzberg, V., 
Auvinen, P., Tansey, M.G., Scheperjans, F., 2021. Relationships of gut microbiota, 
short-chain fatty acids, inflammation, and the gut barrier in Parkinson’s disease. 
Mol. Neurodegener. 16, 6. https://doi.org/10.1186/s13024-021-00427-6.

Sampson, T.R., Debelius, J.W., Thron, T., Janssen, S., Shastri, G.G., Ilhan, Z.E., 
Challis, C., Schretter, C.E., Rocha, S., Gradinaru, V., et al., 2016. Gut Microbiota 
Regulate Motor Deficits and Neuroinflammation in a Model of Parkinson’s Disease. 
Cell 167, 1469–1480.e12. https://doi.org/10.1016/j.cell.2016.11.018.

Kim, T.-K., Bae, E.-J., Jung, B.C., Choi, M., Shin, S.J., Park, S.J., Kim, J.T., Jung, M.K., 
Ulusoy, A., Song, M.-Y., et al., 2022. Inflammation promotes synucleinopathy 
propagation. Exp. Mol. Med. 54, 2148–2161. https://doi.org/10.1038/s12276-022- 
00895-w.

Ross, F.C., Patangia, D., Grimaud, G., Lavelle, A., Dempsey, E.M., Ross, R.P., Stanton, C., 
2024. The interplay between diet and the gut microbiome: implications for health 
and disease. Nat. Rev. Microbiol. 1–16. https://doi.org/10.1038/s41579-024- 
01068-4.

Kwon, D., Zhang, K., Paul, K.C., Folle, A.D., Del Rosario, I., Jacobs, J.P., Keener, A.M., 
Bronstein, J.M., Ritz, B., 2024. Diet and the gut microbiome in patients with 
Parkinson’s disease. NPJ Park. Dis. 10, 89. https://doi.org/10.1038/s41531-024- 
00681-7.

Tresserra-Rimbau, A., Thompson, A.S., Bondonno, N., Jennings, A., Kühn, T., Cassidy, A., 
2023. Plant-based Dietary patterns and Parkinson’s Disease: a prospective Analysis 
of the UK Biobank. Mov. Disord. off. J. Mov. Disord. Soc. 38, 1994–2004. https:// 
doi.org/10.1002/mds.29580.

Gao, X., Chen, H., Fung, T.T., Logroscino, G., Schwarzschild, M.A., Hu, F.B., Ascherio, A., 
2007. Prospective study of dietary pattern and risk of Parkinson disease. Am. J. Clin. 
Nutr. 86, 1486–1494. https://doi.org/10.1093/ajcn/86.5.1486.

Mischley, L.K., Lau, R.C., Bennett, R.D., 2017. Role of Diet and Nutritional Supplements 
in Parkinson’s Disease Progression. Oxid. Med. Cell. Longev. 2017, 6405278. 
https://doi.org/10.1155/2017/6405278.
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