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Abstract

Huntington’s disease (HD) is an incurable and progressive neurodegenerative disease affecting the basal ganglia of the brain.
HD is caused due to expansion of the polyglutamine tract in the protein Huntingtin resulting in aggregates. The increased
PolyQ length results in aggregation of protein Huntingtin leading to neuronal cell death. Vitamin B, B, and folate are
deficient in many neurodegenerative diseases. We performed an integrated analysis of transcriptomic, metabolomic and
cofactor-protein network of vitamin B¢, B, and folate was performed. Our results show considerable overlap of pathways
modulated by Vitamin B¢, B, and folate with those obtained from transcriptomic and metabolomic data of HD patients and
model systems. Further, in yeast model of HD we showed treatment of B¢, B, or folate either alone or in combination showed
impaired aggregate formation. Transcriptomic analysis of yeast model treated with B¢, B, and folate showed upregulation
of pathways like ubiquitin mediated proteolysis, autophagy, peroxisome, fatty acid, lipid and nitrogen metabolism. Metabo-
lomic analysis of yeast model shows deregulation of pathways like aminoacyl-tRNA biosynthesis, metabolism of various
amino acids, nitrogen metabolism and glutathione metabolism. Integrated transcriptomic and metabolomic analysis of yeast
model showed concordance in the pathways obtained. Knockout of Peroxisomal (PXP1 and PEX7) and Autophagy (ATGS)
genes in yeast increased aggregates which is mitigated by vitamin B¢, B, and folate treatment. Taken together our results
show a role for Vitamin B¢, B, and folate mediated modulation of pathways important for preventing protein aggregation
with potential implications for HD.
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Introduction

Huntington’s disease is a progressive incurable inherited
neurodegenerative disease caused due to the expansion of
CAG repeat in the gene Huntingtin (Htt). The increased
CAG repeat, in turn, leads to increased polyglutamine
(PolyQ) repeat in the protein resulting in protein aggrega-
tion (Davies and Scherzinger 1997). The disease mani-
festation includes motor, behavioural and cognitive dys-
function (Shannon 2011). The length of expanded CAG
repeat is inversely correlated with age of onset while it
is positively correlated with severity of disease (Duyao
et al. 1993; Finkbeiner 2011). The protein aggregates are
thought to induce neuronal cell death (Helmuth 2001;
Arrasate and Finkbeiner 2012). HD is associated with
brain volume changes, atrophy in caudate nucleus and
putamen (Negi et al. 2014), which are also observed in
presymptomatic HD patients (Mascalchi et al. 2004; Liu
et al. 2016; Thota et al. 2021). Currently, the treatment
is directed towards managing the symptoms (Novak and
Tabrizi 2010). Hence understanding the factors that modu-
late aggregate formation or its degradation might help in
better management of disease with a favourable outcome.

HD is associated with mitochondrial dysfunction and
impaired energy metabolism (Browne and Beal 2004; Gu
et al. 1996). Impaired functioning of enzymes like pyru-
vate and succinate dehydrogenase is shown to be asso-
ciated with the disease (Sorbi et al. 1983; Saulle et al.
2004; Arning and Epplen 2012). Magnetic resonance
spectroscopy (MRS) study shows changes in the levels
of metabolites like N-acetylaspartate (NAA) and choline
(Thota et al. 2021) while Positron emission tomography
(PET) scan shows changes in glucose utilization (Thota
et al. 2021). Previous transcriptomic, proteomic and
metabolomic studies have shown deregulation of signal-
ling and metabolic pathways (Sorolla et al. 2008; Graham
et al. 2016b; Chaves et al. 2017; McGarry et al. 2020). The
enzyme Pyridoxal Kinase (PDXK) which activate Pyridox-
ine (Vitamin Bg) to Pyridoxal 5° Phosphate is downregu-
lated in postmortem human brain of HD patients while
its activity is reduced in mice model of HD (Sorolla et al.
2016). In addition, studies have shown that in HD patients
reduced vitamin B¢ lead to increased protein oxidation
and exacerbation of disease (Sorolla et al. 2010). Further,
changes in levels of various metabolites like alanine, gluta-
mate, tryptophan and deregulation of associated pathways
modulated by vitamin B are also reported in HD (Rosas
et al. 2015; Graham et al. 2016a; Herman et al. 2019).
For many genetic diseases with non-synonymous single
nucleotide polymorphisms (SNPs) in the genes coding
for enzymes, vitamin/cofactor supplementation is used as
the standard of care treatment (Ames et al. 2002). Hence
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vitamins might help to activate various enzymes by ensur-
ing metabolic homeostasis which might have relevance for
managing HD (Johri and Beal 2012). In addition, B, and
folate are important co-factors for many enzymatic reac-
tions. In particular, low levels of B, is associated with
many neurological disorders (Nawaz et al. 2020). Low lev-
els of B, also results in Huntington’s like chorea (McCad-
don 2013). Folate supplementation is recommended for
HD along with B, (Brennan et al. 1981). However, studies
have shown that in the absence of B,,, elevated levels of
methyl tetrahydrofolate accumulate (Brennan et al. 1981).
The methyl tetrahydrofolate was found to interact with
kainic acid receptors (Brennan et al. 1981). Injection of
kainic acid into the basal ganglia in animal models results
in damage similar to patients affected with HD (Brennan
et al. 1981). Similarly, homocysteine is associated with
many neurodegenerative diseases (Obeid and Herrmann
2006; Herrmann and Obeid 2011; Sharma et al. 2015).
Vitamin B, and folate are essential for the reconversion
of homocysteine into methionine while By is essential for
converting homocysteine into cysteine through the trans-
sulfuration pathway (Miller 2003). Taken together vitamin
Bg. B, and folate could be potential disease modifiers
which might help to achieve favorable prognosis in HD.

HD is also known to be associated with elevated lactate
to pyruvate ratio (Jenkins et al. 1998; Ferreira et al. 2011).
This in turn leads to a high NADH/NAD ratio resulting in
the activation of mTOR and impaired autophagy (Maiese
2020; Xie et al. 2020). Autophagy is the major pathway that
helps to clear protein aggregates formed by mutant Hun-
tingtin (Sarkar and Rubinsztein 2008). Further, activation
of autophagy is shown to confer neuroprotection (Cherra
and Chu 2008). Modulating metabolic profile might help to
activate autophagy with potential implications for disease
prognosis.

Various model systems like yeast, C. elegans, zebrafish,
mice, sheep have been used as a model system to understand
the disease (Crook and Housman 2011; Morton and Howland
2013; Alexander et al. 2014; Das and Rajanikant 2014; Far-
shim and Bates 2018; Hofer et al. 2018; Morton 2018; Sur-
guchov 2021; Sai Swaroop et al. 2022; Pradhan et al. 2022;
Swaroop et al. 2022). Invertebrate models have helped to
untangle the mechanisms associated with neurodegeneration
in Parkinson’s Disease, Huntington’s disease and ALS (Link
2001; Ramaswamy et al. 2007; Van Damme et al. 2017; Sur-
guchov 2021). Omic analysis and validation using cell cul-
ture models have been used to elucidate mechanisms in many
diseases (Naik et al. 2020; Pradhan et al. 2022). The mice
model of HD captures the tenets of the pathophysiology of
the disease, hence is a very good model to study HD (Farshim
and Bates 2018). The yeast model of HD has been used to
understand factors modulating protein aggregation (Mason and
Giorgini 2011; Rencus-Lazar et al. 2019). Previous unbiased
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screening studies using yeast Knockout (KO) libraries have
conjured genes that modulate the toxicity of mutant Huntingtin
in yeast (Tauber et al. 2011). Yeast and cell culture models
have shown a potential role for tryptophan metabolism in dis-
ease (Perkins and Stone 1982; Beal et al. 1990; Giorgini et al.
2005; Mazarei and Leavitt 2015). In the yeast model of Alzhei-
mer’s disease, riboflavin was shown to reduce aggregates and
improve mitochondrial performance (Chen et al. 2020). Taken
together the results show that genes in metabolic pathways and
vitamin supplementation could modulate huntingtin protein
aggregation and in turn help to achieve better prognosis and
management of HD.

In the current study, we have analyzed the GEO transcrip-
tomic datasets of HD patients, mice and yeast model of HD
and binned the significantly differential genes into pathways.
We demonstrate both from transcriptomic data and litera-
ture that B¢, B, and folate interacting proteins required for
transport or their activation are downregulated. Further, a By,
B, and folate cofactor-protein interaction network (cofac-
tor network) was constructed. The cofactor-protein interac-
tion network was merged with the transcriptomic network to
obtain the common genes using the merge network function
in Cytoscape. The gene expression profile from transcriptomic
datasets were then imported into the merged cofactor-protein-
transcriptomic network. The results showed downregulation
of key enzymes in deregulated metabolomic pathways which
are modulated by B¢, B, and folate. Analysis of published
metabolomic data also showed the deregulation of metabolite
levels which are in turn regulated by enzymes that require By,
B, or folate as cofactors. To evaluate the role of B¢, B, and
folate we carried out experiments using the yeast model of HD.
Bg. B}, and folate either individually or in combination attenu-
ated protein aggregation in the yeast model of HD. Further,
transcriptomic and metabolomic analysis was carried out in the
yeast model treated with a combination of B¢, B, and folate
and compared to controls. There was considerable concord-
ance in the pathways obtained between our yeast transcrip-
tomic and metabolomic datasets which show By, B, and folate
modulate key pathways that might influence protein aggrega-
tion. Further, B4, B, and folate also increased the activity of
alanine amino transferase a B4 dependent enzyme and catalase
a marker for peroxysomes. The results are discussed in light
of these findings. B¢, B, and folate might help to achieve a
potentially favourable prognosis in HD.

Material and methods
Bioinformatics analysis
Transcriptomics data

Datasets for differential gene expression (DGE) analysis
were obtained from the Gene expression omnibus (GEO)
database (https://www.ncbi.nlm.nih.gov/geo/) (Edgar et al.
2002; Barrett et al. 2013). The datasets selected for analysis
represent the following organisms- Saccharomyces cerevi-
siae, Mus musculus and Homo sapiens. The GEO series IDs
analyzed are GSE18644 (Tauber et al. 2011) [S. cerevisiae];
GSE3621 (Hodges et al. 2008a), GSE10202 (Kuhn et al.
2007) [M. musculus] and GSE26927 (Durrenberger et al.
2012), GSE1751 (Borovecki et al. 2005) [H. sapiens] {tran-
scriptomics datasets summary provided in Supplementary
data S1}. The sample group selected represent only the dif-
ferentially expressed genes (DEG) of the control and the
disease excluding treatments or knockout studies. All human
samples for DGE analysis are age and gender-matched. DGE
analysis of the group set- control and disease were done
using NetworkAnalyst (https://www.networkanalyst.ca/)
(Xia et al. 2014, 2015; Zhou et al. 2019). Network Analyst
uses Linear Models for Microarray Analysis (limma) R/Bio-
conductor software package module that aids in analyzing
gene expression datasets.

Differential gene expression analysis

The pre-normalized series matrix files for the GEO series
IDs (GSE ID) selected were downloaded from the individual
GSE ID page. A.txt file was compiled that included the sam-
ple data (GSM data) from the series matrix file which was
grouped under two categories- Disease and Control. The
group defined matrix file (.txt file) constitute the gene acces-
sion number as the identifier and intensity values for respec-
tive genes for each sample. This.txt matrix file so prepared
was then uploaded to NetworkAnalyst which uses limma for
DGE analysis. Parameters for data filtering was set at- vari-
ance filter=15 and low abundance =5 (Default settings) and
no normalization. Study design specific comparison was set
as Disease versus Control. The threshold for significant dif-
ferentially expressed genes was set at log2 fold change =1
and adjusted p-value <0.05 (Supplementary data S1).

Pathway enrichment using Enrichr and Cytoscape pathway
network visualization

The biological pathway implications of the significantly
expressing genes acquired from DGE analysis prior was
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«Fig.1 a, b show vitamin By, B, and folate interacting protein net-
works in humans and mice. Results showing top ten pathways
enriched for vitamin B¢, B, and folate interacting protein in ¢ human
and d mice. Network showing deregulated pathway in HD and over-
lapping of pathway genes associated with vitamin B¢, B, and folate
as cofactors in following datasets. € Human peripheral blood-HPB
[GSE1751], f Human ventral head of caudate nucleus-HVHCN
[GSE26927] and g mice brain hemisphere-MBH [GSE3621] datasets.
h Vitamin B¢, B, and folate interacting genes and their expression
in HD patients and mice model of HD. The networks a, b, e, fand g
were generated in Cytoscape 3.8.2. The plots ¢, d were made in Ori-
gin software

investigated using enrichment analysis. The significant DEG
were listed and run for enrichment analysis using Enrichr
[https://maayanlab.cloud/Enrichr/] (Chen et al. 2013; Kule-
shov et al. 2016; Xie et al. 2021). The list of DEG were
uploaded to Enrichr, KEGG pathway was selected as a gene
set reference. Pathways with an adjusted p-value <0.05 qual-
ify as significant (Supplementary data S3). These pathways
were then represented as pathway-gene interacting networks
in Cytoscape 3.8.2 (Christmas et al. 2005).

Cofactor-protein interacting network and its overlapping
with enriched pathways from transcriptomics datasets

A cofactor-protein interaction network for Vitamin By, B,
and folate and its interacting proteins were generated using
pre-published data in Cytoscape 3.8.2 as described previ-
ously (Scott-Boyer et al. 2016; Naik et al. 2020) (Fig. 1a, b).
An online tool DIOPT- DRSC Integrative Ortholog Predic-
tion Tool (Hu et al. 2011) (https://www.flyrnai.org/cgi-bin/
DRSC_orthologs.pl#), was used to predict the orthologs for
mice and was used for generating cofactor-protein interact-
ing network in Cytoscape 3.8.2 (Fig. 1b) [Supplementary
data S4]. A comparative analysis was carried out for com-
mon genes between the cofactor-protein network and those
involved in the enriched pathways from transcriptomic data-
set analysis. Further, Cytoscape 3.8.2 was used to generate
the integrated Transcriptomic-Cofactor-protein interaction
network using the network merge tool for visualization
(Fig. 1le-g). The generated network highlights key overlap-
ping genes that are represented in both the cofactor-protein
network and enriched pathway network from transcriptomics
as shown in Fig. le-g.

Cofactor interacting protein enrichment analysis

The list of genes from the cofactor-protein interaction net-
work constructed in the earlier section (Cofactor-protein
interacting network and its overlapping with enriched path-
ways from transcriptomics datasets) were investigated for
enrichment analysis to elucidate its biological implication
and function. The resulting pathways were then selected
for significance at an adjusted p-value <0.05 (Fig. 1c, d).

The enrichment analysis was carried out for yeast, mice
and human pathways. Yeast and mice orthologs were pre-
dicted from human data using DIOPT—DRSC Integrative
Ortholog Prediction Tool (Hu et al. 2011) [https://www.flyrn
ai.org/cgi-bin/DRSC_orthologs.pl#], to which enrichment
analysis was performed (Supplementary data S4).

Metabolomics data

Quantitative differential metabolomics data of HD was col-
lected from the literature. The metabolite profiles from these
published data were used for metabolite set enrichment anal-
ysis to elucidate the role of the deregulated metabolites and
their implication for the disease (Supplementary data S5).

Metabolite set enrichment analysis (MSEA)

The deregulated statistically significant differential metabo-
lites from different profiling experiments of S. cerevisiae
(Joyner et al. 2010), M musculus (Tsang et al. 2006) and
H. sapiens (Rosas et al. 2015; Graham et al. 2016a, 2018;
Herman et al. 2019) were collected. These metabolites were
then converted to their HMDB annotations and the MSEA
for individual datasets was carried out using MetaboAna-
lyst 5.0 (https://www.metaboanalyst.ca/). KEGG metabolite
database was set as a reference for the enrichment of over-
lapping metabolites. The selection criteria for significant
pathways were set at a FDR <0.25 (Supplementary data S5).

Common pathways analysis between Cofactor-protein
interaction network and Metabolomics

Commonality analysis was performed for pathways obtained
by MSEA of metabolomic data and cofactor-protein inter-
action network (Fig. 2a—c). The proteins and metabolites
representing these pathways were listed along with the
gene expression values and metabolite levels respectively
(Fig. 2d, e). (Venn diagrams was generated in Molbiotools
Multiple list comparator- https://molbiotools.com/listc
ompare.php).

Experimental (Present Study)
Yeast Strain and plasmid

The yeast strain used for the study is Saccharomyces cer-
evisiae BY4741 and BY4742. The plasmid used in the
study is p426 GPD (Addgene No. 1181 and 1183) which
harbor the N-Terminal Huntingtin with a 25 or 72 CAG
repeat attached by a linker to EGFP, henceforth mentioned
as 25Q and 72Q. The selection marker for bacteria is ampi-
cillin and the yeast selection marker is URA. The Yeast
KO strain library was procured from Dharmacon (Product
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a b C
3 2 27 6 6 28 3 6 27
S. cerevisiae M. musculus H. sapiens
Metabolomics Cofactor network
Common Pathways (Metabolomics N Co-factor network)
S. Cerevisiae M. musculus H. Sapiens
Alanine, aspartate and glutamate metabolism Alanine, aspartate and glutamate metabolism Alanine, aspartate and glutamate metabolism
Valine, leucine and isoleucine biosynthesis Arginine and proline metabolism Arginine and proline metabolism

Arginine biosynthesis

Butanoate metabolism

Butanoate metabolism

Phenylalanine metabolism

Glyoxylate and dicarboxylate metabolism Phenylalanine, tyrosine and tryptophan biosynthesis

Histidine metabolism

Tryptophan metabolism

e

Saccharomyces cerevisiae

PATHWAYS COFACTOR NETWORK GENES METABOLITES

Alanine aspartate and glutamate metabolism

AAT2; AGX1; AAT1; UGA1; ALT1; GAD1,

L-Alanine A\; L-Glutamine A\; Succinic acid W

ALT2; GLN1
Valine leucine and isoleucine biosynthesis BAT1; BAT2; CHA1; ILV1 L-Threonine A\; L-Valine A
Mus musculus
PATHWAYS COFACTOR NETWORK GENES METABOLITES

Alanine aspartate and glutamate metabolism Gpt, Abat, Agxt, Glul

Got1, Agxt2, Gad1V¥, Gpt2, Got2, Gad2, | N-Acetyl-L-aspartic acid ¥; L-Aspartic acid ¥; L-Alanine ¥; L-Glutamine

A\; Gamma-Aminobutyric acid W; L-Glutamic acid ¥; Succinic acid ¥

Arginine and proline metabolism Oat, Got1, Odc1, Got2, Azin2 Creatine A\; Gamma-Aminobutyric acid W; L-Glutamic acid ¥
Arginine biosynthesis Got1, Gpt2, Got2, Gpt, Glul L-Aspartic acid ¥; L-Glutamine A\; L-Glutamic acid ¥

Butanoate metabolism Gad1¥, Gad2, Abat Gamma-Aminobutyric acid ¥; L-Glutamic acid ¥; Succinic acid ¥
Glyoxylate and dicarboxylate metabolism Gldc, Shmt2, Shmt1, Agxt, Glul, Mut L-Glutamic acid W¥; Acetic acid ¥; L-Glutamine A\

Histidine metabolism Hdc, Ftcd L-Glutamic acid ¥; L-Aspartic acid ¥

Homo sapiens

PATHWAYS COFACTOR NETWORK GENES METABOLITES

GOT1 ¥; AGXT2; GAD1 V; GPT24;
Alanine aspartate and glutamate metabolism | GOT2 ¥; GAD2 ¥; GPTA; ABAT; AGXT; | L-Glutamic acid ¥; Gamma-Aminobutyric acid ¥

GLUL
Arginine and proline metabolism OAT; GOT1 ¥; ODC1¥; GOT2 ¥; AZIN2 | Gamma-Aminobutyric acid ¥; L-Glutamic acid ¥
Butanoate metabolism GAD1 ¥; GAD2 ¥; ABAT Gamma-Aminobutyric acid ¥; L-Glutamic acid ¥
Phenylalanine metabolism DDC V¥; GOT1 ¥; TAT; GOT2 ¥ L-Phenylalanine ¥; Phenylacetic acid A\; L-Tyrosine ¥

Phenylalanine tyrosine and tryptophan

. . GOT1 ¥; TAT; GOT2 ¥
biosynthesis

L-Phenylalanine ¥; L-Tyrosine ¥

Tryptophan metabolism DDC V¥; AADAT; KYNU

N-Acetylserotonin A\; Serotonin ¥ 3-Hydroxyanthranilic acid ¥ L-
Kynurenine ¥

Fig.2 Showing overlap of deregulated metabolic pathways in HD
(literature) and cofactor interacting protein-enriched pathway (cofac-
tor network pathway) for By, B}, and folate in a Saccharomyces cer-
evisiae b Mus musculus and ¢ Homo sapiens. d The intersection of
metabolic pathways deregulated (literature) in HD and pathways
enriched by the cofactor-protein interacting proteins (cofactor net-
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work). (e) Common metabolic pathways deregulated showing genes
expression and metabolite levels from transcriptomics and metabo-
lomics datasets of HD. The Venn diagrams (a—c) was created using
an online tool for multiple list comparator-https://molbiotools.com/
listcompare.php
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No. YSC1054). The KO used in the study PXP1, PEX7
and ATGS are in the BY4742 background with G418 as
the selection marker. The stain used for transcriptomic and
metabolomic analysis is the BY4741 strain transformed
with either 25Q or 72Q plasmid. Appropriate controls
were used for the respective experiments performed.

Yeast culture, transformation and supplementation study

Yeast strain BY4741 and BY4742 were revived and
transformed with p426 25Q GPD and p426 72Q GPD
plasmid (Purchased from addgene, Addgene plasmid #
1181, 1183; http://n2t.net/addgene:1181/1183; RRID:
Addgene_1181/1183) (Krobitsch and Lindquist 2000).
Standard protocols were used for plating, culture, transfor-
mation and experiments as described in a previous study
(Pradhan et al. 2022).

The 25Q/72Q transformed cells (BY4742) were cultured
overnight to an ODg, of 0.8 or till the culture reached the
logarithmic phase. These cells were then supplemented
with vitamin B4 (SRL chemicals, 164,755), folate (Hime-
dia, CMS175) and vitamin B, (Sigma, V2876) individu-
ally or in combination (20 pg/ml each). To arrive at the
optimum concentration of 20 pg/ml for each of By, B,
and folate, we had titrated with different concentration of
these vitamins (5, 10, 20 and 50 pg/ml for each of the vita-
min) [Supplementary Data S2g]. The pre-formed protein
aggregate in Htt 72Q transformed yeast were treated with
vitamin B, B, and folate (20 pg/ml each) in combination,
fluorescence imaging and quantification was done at a time
period of 3 h. and 6 h. from treatment (Supplementary
Data S2h). Fluorescence imaging was carried out using
Laben BM-3000 FLT fluorescence microscope with an
excitation wavelength of 470 nm and an emission wave-
length of 509 nm after 12 h. from treatment (Fig. 3a, b).

The knockout yeast strains used were procured
from Dharmacon yeast knockout library (Product No.
YSC1054). Yeast knockouts for the peroxisome pathway
(PXP1 and PEX7) and autophagy pathway (ATGS5) were
used for experiments. The KO cells were grown with
G418 (Santa Cruz Biotechnology, sc-29065A) selection
and transformed with 72Q and selected using a double
selection with URA- and G418 following standard proce-
dures. The transformed KO cells were cultured following
standard procedures. Further fluorescence imaging of the
cells was carried out and the images were quantified in
Imagel software using Corrected total cell fluorescence
(CTCF) analysis (Fig. 6a—c). To avoid bias the samples
were blinded and randomized. All experiments were per-
formed in three biological replicates (n=3) and two tech-
nical replicates.

Filer retardation assay

25Q/72Q transformed BY4742 yeast strain were cultured
overnight to an ODy, of 0.8. An aliquot of 16x 10° cells
was resuspended in lysis buffer [30 mM Tris—HCI] (Hime-
dia, MB030), pH 8.0, 200 mM NaCl (Himedia, MB023),
2 mM EDTA (Himedia, RM1370), 5% glycerol, 10 mM Phe-
nylmethylsulfonyl fluoride (Himedia, RM1592)]. Further,
the cells were lysed using Precellys evolution homogenizer
(PO00062-PEVOO0-A). The filter retardation assay procedure
was adapted from the previously described methodology
(Cohen et al. 2012) using Bio-Dot microfiltration appara-
tus (Bio-Rad). The protein lysate was diluted in TBST- Tris
Buffered Saline with Tween-20 [50 mM Tris—HCL (Hime-
dia, MB030), pH 8.0, 250 mM NaCl (Himedia, MB023),
0.1% Tween-20 (Himedia, MB067)]. Either 50 or 100 pg
of protein sample in Tris Buffered Saline (TBS) with 2%
SDS (Himedia, MB010) were heat-treated at 100 °C for
10 min and then loaded onto the apparatus, housing condi-
tioned nitrocellulose membrane (0.2 um, Cat. No: 10600016,
GE Health care) in 2% (w/v) SDS containing TBS buffer.
Vacuum was applied for 5 min or till the sample was fil-
tered. The 25Q/72Q EGFP protein on the blot was immune-
detected with mice anti-GFP antibody (Santa Cruz Biotech-
nology, B-2, 5¢-9996), as primary antibody and anti-mice
streptavidin-HRP conjugate antibody as the secondary anti-
body (Invitrogen, SNN404Y). This was then visualized with
a stabilized chromogen (TMB) substrate (Invitrogen, SBO1)
in Syngene Gbox F3. The mean quantification of the blot
was done using ImageJ software (Fig. 3c). The experiment
was performed in three biological replicates (n=3).

Catalase and ALT activity assay

The whole cell lysate of 25Q/72Q and 25Q/72Q cells treated
with B¢, B, and folate each containing the soluble proteins
250 ug was used for the catalase and ALT assays. The cata-
lase assay was performed previously described (Martins
and English 2014). An endpoint reading was taken at the
end of 10 min at 240 nm. For ALT activity assay, HiPer
SGPT (ALAT) Estimation Kit (Himedia, HTBCO009) was
used. Assay procedure was followed as per the manufac-
turer’s instruction. The activity of catalase and ALT was
calculated as fold change with respect to respective controls.
The graphs were generated using Origin 2021 (Fig. 5c, d).

RNA isolation, library preparation, sequencing, and analysis

Total RNA was extracted using the standard Trizol method
from control cells [72Q (BY4741) transformed] and 72Q
cells supplemented with Vitamin B¢, B, and folate. The
experiments were performed in three biological replicates
(n=3). Tapestation 2100 from Agilent Biosystems was
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«Fig.3 a Yeast transformed with Htt 72Q, GFP showing the aggrega-
tion as foci. Fluorescence data show a reduction in aggregate when
yeast model of HD was treated with vitamin B¢, B, and folate indi-
vidually as well in combination (concentration used 20 pg/ml) when
compared to control. Fluorescence quantification showing significant
reduction of aggregation in treatment, t-test: *p-value <0.05. (n> 10).
b Treatment of By, B, and folate on 25Q and 72Q transformed
yeast showed significant reduction in protein aggregates in 72Q,
*p-value <0.05. ¢ Filter retardation assay for yeast Htt 25Q/72Q and
B¢, By, and folate treated samples. The intensity of the blot shows
aggregation in control and its attenuation in B¢, B, and folate treated
yeast samples. The intensity of the blot was calculated and shown to
be significantly reduced in the treated sample with a *p-value <0.05
and n=3. d Transcriptomics analysis (present study) showing top 10
significantly deregulated pathways (adjusted p-value <0.05) in 72Q
vitamin Bg, B}, and folate treated sample and d expression of genes
involved in these deregulated pathways (only genes with adjusted
p-value <0.05) shown in form of a network. e Enrichment analysis
showing deregulated pathways based on upregulated (shown in red)
and downregulated genes (shown in blue) in 72Q B, B, and folate
treated samples. f The pathway-gene interaction networks. Figure (f)
was generated in Cytoscape 3.8.2. The plots d and e was made using
Origin software

at both the ends. Size selection of adapter-ligated cDNA
was made to obtain the final mRNA library. The libraries
were sequenced using Illumina® Hiseq2500 to get 100 bp
paired-end reads. The sequencing depth for each sample
was > 10 million reads. The reads were checked for qual-
ity using FastQC ([CSL STYLE ERROR: reference with
no printed form.]) and then aligned to the reference Sac-
charomyces cerevisiae S288C strain (Downloaded from
The University of California, Santa Cruz (UCSC) genome
browser) using bowtie2(Langmead 2010) with default
parameters. Samtools (Li et al. 2009) was used to obtain
a binary alignment map file (BAM file). An annotation
file for Saccharomyces cerevisiae S288C strain was down-
loaded from UCSC and read counts were obtained using
BEDTools (Quinlan and Hall 2010). DESeq package from
R(Anders and Huber 2010) was used to compute differen-
tial gene expression between 72 and 72Q supplemented
with Vitamin B, B, and folate (Supplementary data S6).

Significant genes with an adjusted p-value <0.05 were
considered for enrichment analysis. Enrichment was car-
ried out using Enrichr, only the pathways having adjusted
p-value <0.05 were considered to be significant (Fig. 3d).
The upregulated and downregulated genes were analyzed
separately and binned into pathways separately. Pathways
having an adjusted p-value <0.05 were considered to be
significant (Fig. 4e). Further, a pathway network and gene
enriching the pathway along with their expression was
constructed using Cytoscape 3.8.2 (Fig. 4f).

The sequencing data has been submitted to the GEO
database with a Submission ID: SUB11437723 and Bio-
Project ID: PRINA835609 (http://www.ncbi.nlm.nih.gov/
bioproject/835609).

Yeast metabolomics, sample preparation and analysis

Yeast cells (BY4741) expressing the 25Q or 72Q served as
controls or those treated with a combination of B, B, and
folate served as experimental sets. The experiments were
performed in four biological replicates (n=4). An aliquot
of 8 x 10° yeast cells each of control and experimental sets
were snap-frozen in liquid nitrogen and stored in -80 °C until
further use. The metabolites were extracted from these ali-
quots using following procedure. The pellet was subjected to
a freeze—thaw procedure (three cycles). Further, it was resus-
pended in 750 pl of extraction buffer (EB) [4:1 methanol:
water] spiked with labelled internal standard, 2.5 pM each
of Jasmonic acid (Sigma, 14,631), L-Tryptophan 15N2, 98%
(Cambridge Isotope Laboratories, Inc, NLM-800), Sodium
Pyruvate 13C3, 99% (Cambridge Isotope Laboratories, Inc,
CLM-2440) and D-Glucose, U-13C6, 99% (Cambridge
Isotope Laboratories, Inc, CLM-1396). The samples were
sonicated in ice for 15 s with 5-10 pulses. This is followed
by the addition of 450 pl of cold chloroform. After vortexing
for 10 min, 150 pl of cold Millipore Type 1 water was added
and the mixture was then incubated at — 20 °C for 20 min
followed by centrifugation at 4000 rpm for 10 min at 4 °C
to get separation of the two layers. The different layers were
then pooled into a new tube and dried in a speed vac (miVac)
for about 40 min. The tubes were resuspended in a 50:50
methanol-water solution after drying, followed by vortex-
ing and ice sonication for 5 min. This was transferred to an
Amicon filter column (Amicon Ultra 0.5 ml filter unit, Cat.
No. UFC500396, Merck Millipore, Massachusetts, USA),
which was pre-conditioned with 50:50 methanol-water. The
Amicon filter with the resuspended pooled metabolite mix-
ture was centrifuged at 13,000 rpm at 4 °C for 6 h. and the
filtrate was collected in a collecting tube and quantitative
metabolomics was performed.

Quantitative targeted metabolomics was carried out in
positive ionization mode using Agilent 6490 iFunnel triple
quadrupole LC/MS with a 2 pl injection volume of filtrate.
The samples were separated using a Waters X-Bridge amide
3.5 pm, 4.6 X 100 mm (part no. 186004868, Waters, Milford,
USA) column and injected into Agilent 6490 QQQ. The
liquid chromatography (LC) and mass spectrometry (MS)
systems were configured as described previously (Pulukool
et al. 2021; Bhagavatham et al. 2021; Pradhan et al. 2022).

All the data processing were performed as described in
a previous study (Pradhan et al. 2022). Briefly, processing
of acquired targeted metabolomics data with abundances
of metabolites, including peak integration with relevant
retention time for each metabolite was done using Agilent
Mass Hunter- Quantitative analysis software (Version No.
B.07.00). From the labelled inter standards used, L-Tryp-
tophan with the lowest CV (Coefficient of Variation)
was used for data normalization. Only those metabolites
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with CV <20% after normalization was used for further
analysis. An unbiased PCA analysis clustered the samples
into two separate groups which are represented by a 2D
score plot (Supplementary data S2i-k). A two-way t-test
analysis was carried out with FDR <0.25 to determine the
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differential metabolites between the control and experi-
mental groups using MetaboAnalyst 5.0 [https://www.
metaboanalyst.ca]. The significant differential metabolites
are represented in the form of a heatmap (Fig. 4a—c).
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«Fig. 4 Yeast metabolomics (present study). Heatmap for metabolites
altered in B¢, B}, and folate treated sample. a 25Q vs 25Q + vitamin
B¢, B}, and folate, b 25Q vs 72Q and ¢ 72Q vs 72Q+ vitamin B,
B,, and folate. Venn diagram showing overlap of pathways between
d 25Q vs 72Q and 72Q vs 72Q+ vitamin By, B, and folate [72Q vs
72Q (Treated)], e 25Q vs 25Q+ vitamin By, B, and folate [25Q vs
25Q (Treated)] and 72Q vs 72Q+ vitamin B, B, and folate [72Q
vs 72Q (Treated)] g Showing overlap of cofactor-protein network
pathway and altered metabolomics pathways in vitamin B¢, B, and
folate treated sample. e MSEA results showing pathways deregulated
in 72Q vs 72Q (Treated) and those common to cofactor-protein inter-
action network pathways. representing regulation of metabolites for
the deregulated pathways. Figures a—c was created using an online
tool- MetaboAnalyst 5.0 (https://www.metaboanalyst.ca/). The Venn
diagrams d—f was created using an online tool for multiple list com-
parator-https://molbiotools.com/listcompare.php

Metabolite set enrichment analysis (MSEA)

The significant differential metabolites identified between
controls and the B, B, and folate treated sample sets were
analyzed using metabolite set enrichment analysis (MSEA).
MSEA was performed with KEGG metabolite set library
as a reference for enrichment. Significant pathways were
selected with FDR <0.25 (Supplementary Data S2I-n). A
chord diagram was used to illustrate the link between the sig-
nificant pathways and the metabolites altered using Origin
2021(Supplementary Data S2m). Further, a Venn diagram
was used to show the overlap of the pathways obtained by
metabolic analysis and those obtained from cofactor-protein
interaction network analysis (Fig. 4f).

Transcriptomics and metabolomics integration

The list of significant differential genes from our yeast tran-
scriptomic dataset and significant differential metabolites
obtained for our yeast metabolomic dataset were uploaded
for a joint-pathway analysis in MetaboAnalyst 5.0. The
integration was carried out using the option All pathways
(integrated), which provided the metabolic and the gene
only regulatory pathways. The significant pathways with
FDR <0.25 were used for further discussions. All integrated
significant pathways, with the expression levels of the dif-
ferential genes and the levels of differential metabolites from
our transcriptomic and metabolomic analysis of control and
B¢, B, and folate treated samples are provided in Supple-
mentary Data S7.

Results

Cofactor network analysis of B, B,, folate
shows deregulation of pathways with potential
implications for HD in mice and human

We analyzed the expression levels of the transporters and
enzymes which are essential for the uptake of B¢, B,
and folate in HD patients as well as model systems using
expression datasets from the GEO database (Data on DEG
provided in Supplementary data S1). The cofactor-protein
interaction network of B¢, B, and folate for human and
mice were generated using Cytoscape 3.8.2 (Fig. 1a, b). The
mice network was created from the human cofactor-protein
interaction network data using the orthologue approach as
mentioned in methods. The genes involved in the cofactor-
protein interaction network were further binned into path-
ways. The top 10 enriched pathways are provided (Fig. lc,
d) [Find complete list of significant pathways in Supplemen-
tary data S2a—c]. The major pathways include metabolism
of amino acids, one-carbon metabolism, selinocompound
metabolism, taurine and hypotaurine pathways (Fig. 1c, d).
To understand the expression levels of genes common to
the cofactor-protein interaction network in HD an integrated
analysis with significant differentially expressed genes from
transcriptomic datasets of humans HD patients (Borovecki
et al. 2005; Durrenberger et al. 2012) and mice model
(Hodges et al. 2008b) of HD was performed.

Integration of cofactor network with transcriptomic
datasets shows the deregulated metabolic
pathways with the core enzymes which use Vitamin
B¢, B,, and folate as cofactors

The Vitamin B, B, and folate protein interaction pathway
was analyzed and the genes were categorized into path-
ways. Further, the transcriptomic data from both human
and mice (Supplementary data S3) was imported into this
network. The Human peripheral blood (HPB) [GSE1751]
dataset network showed enrichment of cysteine and
methionine metabolism pathway. The gene 5-methyltet-
rahydrofolate-homocysteine methyltransferase (MTR)
which requires B, and folate as a cofactor for its activity
enriched in the pathway is upregulated while glutamic-
oxaloacetic transaminase 2 (GOT2) gene which requires
vitamin B as a cofactor is downregulated (Fig. 2e). The
sphingolipid signalling pathway involving serine palmi-
toyltransferase long chain base subunit 1 (SPTLC1) gene
which uses By as a cofactor was also upregulated (Fig. le).

In the Human ventral head of caudate nucleus
(HVHCN) [GSE26927] dataset network, the glutamate
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decarboxylase 1 (GAD1) gene and the glutamate decarbox-
ylase 2 (GAD?2) gene are involved in GABAergic synapse
which uses B¢ as cofactor were downregulated (Fig. 1f).
The alanine, aspartate and glutamate metabolism path-
way with three enzymes glutamic-oxaloacetic transami-
nase 1 (GOT1), glutamic-pyruvic transaminase (GPT)
and glutamic-pyruvic transaminase 2 (GPT2) use B¢ as a
cofactor (Fig. 1f). The GOT1 was downregulated while the
GPT were upregulated. The B¢ dependent enzyme dopa
decarboxylase (DDC) was downregulated and is involved
in the pathways like dopaminergic synapse, amphetamine
addiction and serotonergic synapse (Fig. 1f). Similarly,
the B4 dependent enzyme sphingosine-1-phosphate lyase
1 (SGPL1) involved in the sphingolipid signalling pathway
was upregulated (Fig. 1f).

To reiterate if our observations are also found in model
systems, we analyzed the Mice brain hemisphere (MBH)
[GSE3621] dataset. Our analysis showed that the B¢ dependent
enzyme glutamate decarboxylase 1 (Gadl) was downregulated
and is involved in GABAergic synapse while the B¢ depend-
ent enzyme dopa decarboxylase (Ddc) which is downregu-
lated is involved in cocaine addiction, dopaminergic synapse,
amphetamine addiction, serotonergic synapse and alcoholism
(Fig. 1g). Further, we also looked at the proteins that inter-
act with B¢, B, or folate or use them as a cofactor and their
expression levels in the transcriptomic data (Fig. 1h). Details
on Enriched pathways have been provided in Supplementary
data S3.

Further, our analysis shows increased expression levels of
B,, transporters [lysosomal cobalamin transport escort pro-
tein LMBDI1, cubilin (Intrinsic Factor-Cobalamin Receptor)
CUBN] in HD patients compared to controls (Fig. 1h). How-
ever, the transport protein of B ,, transcobalamin 2 (TCN2)
was found to be downregulated in HD patients (Fig. 1h).
Further, the pyridoxamine 5°-phosphate oxidase (PNPO)
the enzyme involved in the activation of B4 by converting it
into pyridoxal 5” phosphate was downregulated (Fig. 1h). In
addition, the enzyme involved in the import of reduced folate
was also found to be downregulated (Fig. 1h). The expression
levels of these genes might decide the availability of these
cofactors in various other enzymatic pathways which might
have relevance for the disease. Since genes associated with
biosynthesis, metabolism or transport of B¢, B, and folate
are deregulated it is conceived that HD patients might suffer
from low levels of these vitamins. Hence supplementing B,
B, and folate will help mitigate protein aggregation associated
disease progression in HD. We have used the yeast model of
HD to validate these findings.
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Integrated analysis cofactor-protein interaction
network with metabolomic pathway data and gene
expression data shows genes and metabolites

that might have potential implications for disease

Commonality analysis was performed for yeast, mice model
of HD and HD patients by integrated analysis of pathways
obtained from cofactor-protein interaction network with
metabolic datasets from literature. The mice and yeast
cofactor-protein interaction network were generated from the
human network using the orthologue approach as described
in methods (Supplementary data S4). To the common path-
ways obtained from cofactor-protein network and metabo-
lomic datasets, gene expression profiles from transcriptomic
datasets were integrated.

Commonality analysis of cofactor-protein interaction net-
work and metabolomic pathway data analyzed from yeast
model of HD from the literature shows alanine, aspartate and
glutamate metabolism as well as valine leucine and isoleu-
cine biosynthesis (Fig. 2a, d). The expression levels of genes
and metabolites are provided (Fig. 2e). However, significant
changes in the expression levels of genes that use By, B, and
folate as cofactors in the deregulated metabolic pathways in
yeast (Fig. 2e).

Commonality analysis was performed for pathways
obtained for the mice metabolomics datasets from literature
and cofactor-protein interaction network (Supplementary
Data S5). The results show six common pathways between
the mice datasets (Fig. 2b, d). These pathways include
metabolism of various amino acids (alanine, aspartate, gluta-
mate, histidine, arginine and proline), butanoate, glyoxylate
and decarboxylate metabolism (Fig. 2d). In mice datasets,
many of the metabolites belonging to these pathways are
found to be downregulated while significant changes were
not observed in most of the genes involved in these pathways
except for Gadl (B cofactor) as observed in the transcrip-
tomics datasets from different studies (Fig. 2e).

Further, commonality analysis of human metabolomic
pathway datasets from literature and cofactor-protein inter-
action network was carried out (Fig. 2c). The pathways
that were commonly altered were the metabolism of vari-
ous amino acids (alanine, aspartate, glutamate, arginine,
proline, phenylalanine, tyrosine and tryptophan) (Fig. 2d).
Further, we compared the expression levels of genes in these
deregulated metabolic pathways using transcriptomic data-
sets from different studies (Supplementary Data S1). In the
human datasets, most of the metabolites involved in these
deregulated metabolic pathways were found to be downreg-
ulated. Consistent with the results of metabolic pathways,
expression levels of most of the genes in these pathways
were also found to be downregulated (Enriched pathway
details for the cofactor-protein interacting network has been
provided in Supplementary data S4 and for metabolomics
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data in Supplementary data S5). The enzymes which use B
as a cofactor belonging to six metabolic pathways, which
include GOT1/2, AGXT2, GAD1/2, ODC1, DDC were
downregulated while GPT and GPT2 were upregulated
(Fig. 2e). In addition, the low levels of B¢, B, and folate
might also affect the levels of metabolites due to reduced
enzyme activity.

Yeast model of HD treated with Vitamin B, B,,
or folate or its combination induced remodelling
of many pathways as well as mitigated protein
aggregation

Yeast model of HD expressing N-Terminal-Htt-25Q-EGFP
and N-Terminal-Htt-72Q-EGFP was used for all the studies.
Yeast model of HD expressing N-Terminal-Htt-25Q-EGFP
or N-Terminal-Htt-72Q-EGFP showed diffused fluorescence
and fluorescent foci respectively. The yeast controls and
those which were incubated with either B, B, or folate or
a combination of B¢, B, and folate did not show any signifi-
cant difference in growth (Supplementary Data S2f). Yeast
model of HD treated with B¢, B, and folate in 25Q did not
show any change in diffused fluorescence. The yeast model
of HD expressing 72Q treated with either B¢, B, or folate
showed significantly decreased aggregates compared to 72Q
controls (Fig. 3a). Further, treatment with a combination
of By, B, and folate completely abrogated aggregation in
72Q (Fig. 3b). The effective concentration for a combina-
tion of B¢, B, and folate were performed by titrating dif-
ferent concentrations of these vitamins to arrive at the most
effective concentration (Supplementary Data S2g). Maximal
decrease of protein aggregates was observed at a vitamin
concentration (B¢, B, and folate) of 20 pg/ml each. Based
on our results since the genes associated with biosynthesis,
metabolism or transport associated with B¢, B, and folate
are deregulated all subsequent were performed by using a
combination of these vitamins. The fluorescent images were
quantified using ImagelJ as given in methods (Fig. 3a). The
results showed that the fluorescent aggregate is significantly
lower in the vitamin B, B, and folate treated sets com-
pared to control. Further, filter retardation assay was car-
ried out on the control and experimental sets treated with a
combination of B¢, B, and folate (Fig. 3c). The results of
filter retardation assay performed with a protein concentra-
tion of 50 pg and 100 pg protein concentration is provided
in Fig. 3¢ and Supplementary Data S2q. The images were
quantified using ImageJ as given in methods (Fig. 3¢c). A
significant increase in intensity was observed in the 72Q sets
as compared to 25Q sets (Fig. 3b). No Significant changes
in intensity were observed between 25 and 25Q treated B,
B, and folate (Fig. 3b). However, a significant decrease in
protein aggregates was observed in the vitamin B¢, B, and
folate treated sets compared to control (Fig. 3b). The results

of fluorescence image data and those obtained by filter retar-
dation assay shows concurrence between them (Fig. 3a—c).
The results show significant decrease in the treated sets com-
pared to controls. A previous study on yeast model of 25Q
and 46Q has shown that after 24 h significant signals were
observed both for 25Q and 46Q (Cohen et al. 2012).

To elucidate the mechanistic aspects of our findings, tran-
scriptomic analysis of control (72Q) and experimental sets
treated with a combination of B¢, B, and folate was carried
out using adjusted p-value of <0.05 as described in methods.
The transcriptomic analysis binned genes into 63 significant
pathways which is provided in Supplementary Data S2d. Our
analysis shows the significant deregulated pathways include
metabolic pathways, peroxisome, autophagy and pathways
involved in the protein life cycle (Fig. 3d). The metabolic
pathways include fatty acid degradation, nitrogen metabo-
lism, glycerolipid metabolism, biosynthesis of unsaturated
fatty acids and purine metabolism. (Fig. 3d and Supplemen-
tary Data S2d). Further, we also analyzed the deregulated
pathways with the upregulated and downregulated genes
separately which yielded 46 and 36 pathways respectively
(Supplementary Data S2e). The top 10 deregulated pathways
obtained from upregulated and downregulated genes are pro-
vided in Fig. 3e. Furthermore, using the genes enriched in
the top 10 deregulated pathways obtained from our yeast
transcriptomics data, a gene interaction network was gener-
ated. The expression levels of the genes were imported into
the network from our yeast transcriptomic data which has
been illustrated in Fig. 3f (Details on differential expressed
genes are shown in Supplementary data S6). The results
show enrichment of Autophagy and Endocytosis, Glyoxylate
and dicarboxylate metabolism with peroxisome and pyruvate
metabolism (Fig. 3f). Our analysis also shows reduced levels
of TOR1 which negatively regulate autophagy and increased
expression levels of Catalase CTA1 (Fig. 3f). Taken together
our results shows that B4, B, and folate modulate metabolic
pathways as well as peroxisomes, autophagy and ubiquitin
mediated proteolysis which might mitigate Huntingtin pro-
tein aggregation in the yeast model of HD.

Yeast model of HD treated with a combination
of Vitamin B, B,, or folate modulated metabolomic
pathways as well as mitigated protein aggregation

Further, we carried out the metabolomic analysis of the yeast
model of HD expressing N-Terminal-Htt-25Q-EGFP and
N-Terminal-Htt-72Q-EGFP which are treated with a com-
bination of B¢, B, and folate. The experiments were per-
formed in four biological replicates. All the procedures and
analysis has been performed as described previously (Pulu-
kool et al. 2021; Bhagavatham et al. 2021). Briefly, 8 million
cells were homogenized after spiking internal standards. The
homogenate was spun down and the resulting supernatant
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was passed through a 3 kDa cutoff filter as described in
methods.

A total of 165 metabolites were targeted in the positive
ionization mode for all the samples. In case of 25Q and 25Q
treated with B¢, B, and folate 59 metabolites were detected.
In case of 25Q and 72Q 58 metabolites were detected. In
case of 72Q and 72Q treated with B¢, B, and folate 63
metabolites were detected. From the detected metabolites
those having a CV of <20% after normalization with internal
standard were used for further analysis using MetaboAna-
lyst 5.0. A principal component analysis (PCA) of each of
the sample pairs analyzed, clustered the samples into two
different groups, which is represented by a score plot (Sup-
plementary data S2i-k). In case of 25Q and 25Q treated
with B¢, B, and folate 17 significant differential metabolites
were obtained (Fig. 4a). In case of 25Q with 72Q 43 sig-
nificant differential metabolites were obtained (Fig. 4b). In
case of 72Q with 72Q treated with By, B, and folate 37 sig-
nificant differential metabolites were obtained (Fig. 4c). All
significant differential metabolites were obtained at a False
Discovery Rate (FDR) of <0.25. The significant differen-
tial metabolites were represented by a Heat map (Fig. 4a—c).
Metabolite set enrichment analysis (MSEA) of the signifi-
cant differential metabolites were carried out using Metabo-
Analyst 5.0 as given in methods. The results are provided in
the Supplementary Data S2n—p.

The pathways obtained for 25Q and 25Q treated with B,
B, and folate, 25Q with 72Q are provided in the Supple-
mentary Data S2o0, p. The analysis of 25Q and 25Q treated
with B¢, B, and folate showed enrichment of pathways
belonging to aminoacyl t-RNA, metabolism of amino acids
(glutamate, glutamine, arginine, proline, leucine, isoleucine
and valine as well as histidine metabolism). The analysis
of 25Q and 72Q treated with B¢, B, and folate showed
enrichment of pathways belonging to aminoacyl t-RNA,
metabolism of amino acids (glutamate, glutamine, phenyla-
lanine, tyrosine and tryptophan biosynthesis). The pathways
obtained for 72Q and 72Q treated with B, B, and folate
along with the upregulated and downregulated differential
metabolites are provided in Fig. 4g. The analysis of 72Q
and 72Q treated with B, B, and folate showed enrichment
of aminoacyl t-RNA, metabolism of amino acids (gluta-
mate, glutamine, arginine, proline, glycine, serine, threo-
nine, leucine, isoleucine and valine, alanine, aspartate) and
glutathione metabolism (Fig. 4g). The results of our analy-
sis have been represented by a chord diagram that shows
the link between the deregulated pathways with associated
metabolites Supplementary Data S2m. Further, we have also
provided the deregulated pathways with the levels of associ-
ated metabolites with respect to controls (Supplementary
Data S2n).

Further, we performed a commonality analysis of
pathways obtained in 25Q and 72Q with those obtained
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from 72 and 72Q treated with B4, B, and folate (Fig. 4d).
Our analysis shows 2 pathways Glutamine and glutamate
metabolism and aminoacyl-tRNA biosynthesis were com-
mon between the two sets (Supplementary Data S20).
Comparative analysis for common pathways obtained for
25Q and 25Q treated with By, B, and folate as well as 72Q
and 72Q treated with B¢, B, and folate showed 4 common
pathways between the two sets (Fig. 4e). These 4 pathways
include Valine, leucine isoleucine biosynthesis, Arginine
biosynthesis, Glutamine and glutamate metabolism and
aminoacyl-tRNA biosynthesis (Supplementary Data S2p).
Furthermore, to understand the role of cofactors (Bg, B,
and folate) we generated a cofactor-protein interaction net-
work using yeast orthologues using Cytoscape. The genes
in the cofactor-protein interaction network were further
binned into pathways. We then compared the metabolic
pathways obtained in our yeast model system (72Q with
72Q treated with B¢, B, and folate) with the pathways
obtained from the cofactor-protein interaction network.
We find an overlap of six pathways between the two data-
sets which include metabolism of amino acids (arginine,
proline, glycine, serine, threonine, valine, leucine and iso-
leucine) and nitrogen metabolism (Fig. 4f). These results
show that By, B, and folate influence the functioning of
metabolic pathways and modulate protein aggregation in
the yeast model of HD. To further understand if there is
concurrence between the transcriptomic and metabolomic
datasets of the yeast model system, an integrated analysis
was carried out using MetaboAnalyst 5.0.

Integrated analysis of transcriptomic

and metabolomic data from the yeast model

of HD shows deregulated pathways with potential
implications for disease

Our integrated analysis showed that there is concord-
ance between the metabolomic data and the transcrip-
tomic data. A total of 35 significant pathways were found
to be enriched in the integrated analysis. The pathways
that were enriched include metabolism of various amino
acids, glycerolipids, glutathione metabolism, fatty acid
degradation, glyoxylate and dicarboxylate metabolism,
autophagy, mitophagy, ubiquitin mediated proteolysis,
pyruvate metabolism, glycolysis gluconeogenesis etc.
(Supplementary Data S7). The significant pathways along
with the genes and metabolites are provided in Supple-
mentary Data S7. The peroxisome and autophagy pathway
along with the upregulated and downregulated genes are
provided (Fig. 5a). To probe the relevance of deregulated
pathways to protein aggregation we employed yeast knock-
out for the genes from these pathways.
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Fig.5 Integrated analysis of transcriptomics and metabolomics data
(present study). a Representing two key pathways altered in 72Q
treated with By, B}, and folate compared to 72Q, showing upregu-
lated and downregulated genes. b Table summarising Catalase and
ALT1 associated pathways and metabolites if any and assay activity.

The enzyme activity correlates with the gene
expression levels and pathways enriched

in transcriptomic and metabolomic analysis in yeast
model of HD

Further we asked if the changes in gene expression or the
product of the enzymatic reactions correlate with the activ-
ity of marker enzymes from pathways obtained in the yeast
model of HD treated with B¢, B, and folate compared to
appropriate controls. Our transcriptomic, metabolomic and
integrated analysis shows enrichment of alanine, aspartate
and glutamate metabolism (Fig. 5b). Consistent with this
the activity of ALT was significantly higher in 72Q treated
with B¢, B, and folate compared to controls (Fig. 5c).
The results of transcriptomic and integrated analysis also
showed enrichment of peroxisome pathway and consistent
with this Catalase (CTA1) activity was significantly higher
in 72Q treated with By, B, and folate compared to controls

d

I 25Q [ 25Q Treated [l 72Q [ 72Q Treated
*

o 20
o
c
2
o 1.5
3
[=]
L 1.0
()
<))
©
S 0.5-
go.
<

0.0-

¢ Results showing significantly increased ALT activity in 72Q treated
samples, *p-value <0.05 and n=3. d Results showing significantly
increased Catalase activity in 72Q treated samples, *p-value <0.05
and n=3. The graphs were made in Origin software

(Fig. 5d). Taken together our results show considerable con-
cordance between the changes in pathways observed with
expression and activity of marker genes and enzymes in
yeast model of HD.

Experiments using yeast knock out of genes
from the deregulated pathways confirm their role
in protein aggregation

Both transcriptomic and metabolomic integrated omic
analysis show peroxisome and autophagy pathways having
an association with the 72Q and 72Q treated with B¢, B,
and folate (Fig. 5a). Yeast knockout (KO) for the peroxiso-
mal protein- PEX7 shows elevated protein aggregate for-
mation compared to controls (Fig. 6a, b). PEX7 is involved
in the transport of peroxisomal proteins into peroxisomes
(Rodrigues et al. 2015, p. 7). Further, KO of the peroxiso-
mal protein PXP1 also leads to significantly elevated levels
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Fig.6 a, b Peroxisome pathway and ¢ autophagy pathway knockout showing increase in aggregating and subsequently By, B,, and folate treat-

ment leads to attenuation of aggregates

(1.38 fold, p <0.0012) of protein aggregation (Fig. 6a, b).
PXP1 is involved in thiamine pyrophosphate containing
enzyme with 2-hydroxy acyl-CoA lyase activity. Previ-
ous studies have shown that Htt aggregates are shown to
be cleared out through the autophagy pathway and has
implicated a role for ATGS is demonstrated in the process
(Sarkar and Rubinsztein 2008; Cortes and La Spada 2014).
Consistent with previous observations yeast KO for ATGS5
showed significantly elevated levels (1.62 fold, p <0.044)
of protein aggregate formation (Fig. 6¢). Further, we
probed if the addition of a combination of By, B, and
folate could mitigate protein aggregate formation in yeast
KO for peroxisomal and autophagy genes (Fig. 6a—c).
The addition of vitamin B significantly reduced protein
aggregate formation in PEX7 (0.28 fold, p <3.223E7%)
and ATGS5 Kos (0.46 fold, p<0.0026). The absorbance
of the experimental samples (Htt 72Q transformed con-
trol strain and knockout strain) with/without treatment of
vitamin Bg, B, and folate showed no significant change in
ODyy, (Supplementary Data S2r). The results indicate that
metabolic remodelling could potentially modulate protein
aggregate formation in HD. For the yeast model of HD
expressing 72Q controls, PEX7 and ATGS KO treated
with a combination B¢, B, and Folate or those without
treatment, the fluorescence was quantified using Imagel
(Fig. 6a—c).
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Discussion

Previous studies have identified B4 and B, as major
cofactors involved in many neurodegenerative diseases,
highlighting their role in reducing homocysteine and its
derivatives (Sharma et al. 2015). Homocysteine was shown
to be elevated in HD patients (Zoccolella et al. 2006).
Similarly, deregulation of cysteine metabolism and redox
stress is also associated with neurodegenerative diseases
including HD (Paul et al. 2018). Mutated Huntingtin pro-
tein influences homocysteine metabolism by modulating
cystathionine-beta-synthase (CBS) activity (Andrich et al.
2004; Zoccolella et al. 2006). Notwithstanding this, B is
an essential cofactor of CBS and low levels of Bg is associ-
ated with elevated homocysteine and decreased cysteine
(Sharma et al. 2015).

Our transcriptomic, metabolomic and cofactor-pro-
tein interaction network analysis shows deregulation of
metabolic pathways of various amino acid pathways and
neurotransmitters. Previous, studies on HD patients and
mice model of HD have shown low expression levels and
activity of the enzyme PDXK which is involved in the
activation of vitamin By to pyridoxal phosphate (Sorolla
et al. 2016). In addition, the transcriptomic analysis of
humans shows that PNPO which catalyze the synthesis
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of pyridoxal phosphate is downregulated (Fig. 1h). Pyri-
doxal phosphate is a cofactor for various reactions which
include transamination, decarboxylation of amino acids
and racemization (Liang et al. 2019). Consistent with this,
analysis of published metabolomic datasets show deregu-
lation of pathways modulated by B4. Reduced alanine,
compromised GABAergic, serotonergic and dopaminergic
signalling are reported in HD patients, which is consist-
ent with reduced pyridoxal phosphate activity (Reilmann
et al. 1995; Sorolla et al. 2016; Hsu et al. 2018; Du et al.
2013) (Cepeda et al. 2014). Our transcriptomic datasets
show elevated expression levels of ALT1 and increased
activity of ALT (GPT) in By, B, and folate treated 72Q
yeast compared to 72Q controls. HD is associated with
defects in the sphingolipid metabolism pathway (Di Pardo
and Maglione 2018). SPTLCI is a B, dependent enzyme,
subunit of serine palmitoyltransferase involved in the syn-
thesis of 3-oxosphinganine. Sphingolipid-metabolizing
enzymes expression levels are perturbed in both early
and later stages of the disease in mice model systems and
HD patients (Di Pardo and Maglione 2018). The levels of
SGPL1 were increased in the brain of mice model of HD
(Di Pardo et al. 2017). Taken together our results show that
supplementation of B might mitigate defects in sphin-
golipid and amino acid metabolism in HD with potentially
favourable consequences.

The reduced expression levels of TCN2 gene a Vitamin
B, binding and transporter protein might have potential
implications for HD. Previous studies have also shown that
B, is important for neuronal health (Grober et al. 2013).
Studies have shown that B, deficiency results in revers-
ible chorea (Pacchetti et al. 2002). It is interesting to note
that chorea is characteristic of HD(Roos 2010). Our tran-
scriptomic and cofactor-protein interaction network shows
deregulation of multiple pathways involving B, with poten-
tial implications for HD. A previous study of the levels of
B,, in the Indian population showed a deficiency of this
vitamin (Singla et al. 2019), which is especially pronounced
in the vegetarians compared to non-vegetarians in the Indian
population (Singla et al. 2019). Taken together it is apparent
that the low levels of B, might lead to impaired neuronal
function in HD patients especially in the Indian population.

Further, in our yeast model system By, B, or folate either
alone or in combination abrogated protein aggregation. To
understand the mechanistic aspects in the yeast model of
HD, transcriptomic analysis of B¢, B, and folate treated sets
were compared with control. Our analysis shows upregu-
lation of ubiquitin mediated proteolysis and autophagy
pathway. Further metabolomic analysis of yeast model of
HD treated with a combination of By, B, and folate shows
changes in metabolic pathways which considerably overlap
with the pathways obtained from the cofactor-protein inter-
action network. Integrative analysis between transcriptomic

and metabolomic analysis shows considerable concordance
between the datasets. Previous studies on yeast and mam-
malian cell culture models have shown that both ubiquitin
mediated proteolysis and autophagy pathway are important
for the degradation of mutant Huntingtin (Seo et al. 2007;
Li et al. 2010; Thibaudeau et al. 2018; Ravikumar et al.
2002; Ravikumar and Rubinsztein 2006). In our study on
ATGS KO as well as previous studies, it is evident that KO
of this gene in the autophagy pathway lead to Htt protein
aggregation (Komatsu et al. 2006; Metzger et al. 2010, p.
7). In both Parkinson’s disease (PD) and HD, the damaged
mitochondria and the aggregation of causative protein are
associated with impaired autophagy and the ubiquitin—pro-
teasome function (Li and Li 2011; Bloom 2014; Ortega and
Lucas 2014; Atik et al. 2016; Zhao et al. 2016; Harrison
et al. 2019; Finkbeiner 2020). Upregulation of autophagy by
drugs targeting autophagy like rapamycin/CCI-779, lithium,
trehalose and rilmenidine are of interest in the treatment
of HD (Ravikumar et al. 2002; Panda et al. 2019). mTOR
a negative regulator of autophagy when inhibited by rapa-
mycin, helps to clear protein aggregation in HD(Ravikumar
et al. 2002, 2004; Jung et al. 2010). Our yeast transcriptomic
data shows downregulation of TORI in 72Q treated with
B¢, B}, and folate. Our study also demonstrates a reduction
in protein aggregation in ATGS KO yeast model treatment
with a combination of B¢, B, and folate. The Vitamin B,
B, and folate treatment effects were shown to be independ-
ent of KO of ATGS. Hence, an involvement of autophagy in
the clearance of aggregate after treatment with the three B
vitamins could not be confirmed in this study. Despite this
the vitamin B levels were found to modulate Htt protein
aggregation or its clearance which might help to achieve a
favourable prognosis and better management of HD.

Our transcriptomic analysis, as well as the integrated
omic analysis, shows upregulation of peroxisomes in Bg,
B, and folate treated yeast model of HD. Peroxisomes are
ubiquitous organelles present in almost all tissue types of
all organisms and are involved in lipid biosynthesis (Kass-
mann 2014; Uzor et al. 2020). Peroxisomal dysfunction
is associated with various neurodegenerative diseases (Jo
et al. 2020). Peroxisome biogenesis is modulated by peroxi-
some proliferator-activated receptor (PPAR) activation due
to PPAR gamma coactivator 1a (PGC-1a) (Bagattin et al.
2010). PPARG was shown to be downregulated in mice
model of HD and lymphocytes of HD patients and PPARG
agonist was shown to result in favourable prognosis in mice
model of HD (Chiang et al. 2010). The downregulation of
PPARG leads to dysregulation of energy homeostasis (Chi-
ang et al. 2012). 3-Nitropropionate (3NP) mice model of
HD shows downregulation of oxidative stress and peroxi-
some markers indicate compromised peroxisome function
(Moslemi et al. 2019). Consistent with the importance of
peroxisomes our study shows that KO of PEX7 which aid
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the insertion of peroxisomal proteins into the peroxisomal
membrane (Purdue et al. 1999) cause increased protein
aggregation in the yeast model of HD. Mutations in PEX7b
is associated with severe neurological symptoms like epi-
lepsy (Purdue et al. 1999; Malheiro et al. 2015; Landino
et al. 2017). Further, our analysis shows upregulation of
fatty acid oxidation and biosynthesis of unsaturated acids
in the yeast model of HD treated with By, B, and folate.
Our transcriptomic data also shows that CTA1 expression
is upregulated and catalase assay shows elevated activity in
B¢, B, and folate treated 72Q compared to control 72Q set.
The CTAL is also a peroxisome marker (Horiguchi et al.
2001). From our transcriptomic analysis it is evident that the
CTALI is involved in pathways like peroxisome, glyoxylate
and dicarboxylate metabolism, MAPK signaling pathway,
Longevity regulating pathway and tryptophan pathway.
Metabolism of cholesterol and fatty acids are deregulated
in HD (Block et al. 2011). Peroxisomes are the sites of fatty
acid degradation and unsaturated fatty acid biosynthesis in
all organisms including yeast (Wanders et al. 2016; Schrader
et al. 2016). KO of PXP1 which is a thiamine pyrophosphate
containing enzyme with 2-hydroxy acyl-CoA lyase activity
significantly increased protein aggregation (Fig. 6a). Defi-
ciency of docosahexaenoic acid is the major polyunsatu-
rated fatty acid (PUFA) in the brain and retina is associated
with memory loss, learning disability and impaired vision
is coordinately synthesized by endoplasmic reticulum and
peroxisomes (Wanders et al. 2016; Jump 2002). Supple-
mentation of essential fatty acids in HD was found to be
beneficial as it prevents polyQ aggregation, inhibits HDAC
and activates the ubiquitin—proteasome system (Das and
Vaddadi 2004). Eicosapentaenoic acid and docosahexaenoic
acid downregulate genes that stimulate lipid synthesis and
upregulate genes that stimulate fatty oxidation (Block et al.
2011). Unsaturated fatty acids modulate membrane fluid-
ity (Leekumjorn et al. 2009) and freshly isolated cells from
HD patients have altered membrane fluidity (Sameni et al.
2018). Taken together our results show By, B, and folate
upregulate peroxisome pathway and might play a critical
role to achieve a favourable prognosis in HD.

Our transcriptomic analysis shows enrichment of glyc-
erolipid metabolism in B¢, B, and folate treated yeast model
of HD. In particular, the genes TGL3 (triglyceride lipase),
PAH1 (phosphatidyl phosphatase) and ATG15 are found to
be upregulated. The gene ATG15 also connect glycerolipid
metabolism with autophagy (van Zutphen et al. 2014). PAH1
is involved in the conversion of phosphatidate into diacylg-
lycerol and is important for the biogenesis of lipid droplets
as well as the synthesis of other lipids (Pascual et al. 2013;
Adeyo et al. 2011). TGL3 is associated with lipid droplets
that help to convert triacylglycerol into diacylglycerol and
then to phosphatidylcholine or phosphatidylethanolamine
(Schmidt et al. 2013; de Kroon 2007; Rajakumari and
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Daum 2010). Axotomized retinal ganglion cells are shown
to hydrolyze triacylglycerol and synthesize phospholipids
which induced axon regeneration (Yang et al. 2020). Lipid
droplets are utilized by vacuoles or lysosomes in a process
that resembles microautophagy (van Zutphen et al. 2014),
involving ATG15 a phospholipase (van Zutphen et al. 2014;
Ramya and Rajasekharan 2016). In Drosophila expression of
mutant Huntingtin in fat body cells or neurons lead to weight
loss as well as loss of intracellular lipid stores (Lakra et al.
2019; Aditi et al. 2016). However, in fibroblasts, hepato-
cytes, striatal and primary neurons from mice model of HD
showed compromised macroautophagy leading to accumu-
lation of lipids in cells (Martinez-Vicente et al. 2010). In
addition, the transcriptomic data also shows down regula-
tion of TOR1 which might help to upregulate autophagy.
Overall, our results from transcriptomic analysis in the yeast
model of HD show changes in glycerolipid metabolism and
autophagy pathway which might have implications for pro-
tein aggregate clearance.

Taken together our present results of cofactor-protein,
GEO dataset transcriptomic and published metabolomic
data of mice, human and yeast combined with experiments
using yeast model show a critical role for B, B, and folate
in modulating protein aggregation. Combination of By, B,
and folate could modulate sphingolipid metabolism, per-
oxisomes pathway, beta-oxidation and unsaturated fatty
acid biosynthesis as well as upregulating ubiquitin—protea-
some system and autophagy. The results from the present
study show that a combination of B¢, B, and folate could
clear preformed protein aggregates in yeast model of HD
has relevance for neuronal protection. The present findings
concomitant with our previous results of atrophy of caudate
nucleus and putamen as well as changes in brain volume in
presymptomatic HD patients (Thota et al. 2021) shows that
supplementation of vitamin B before the onset of symptoms
in genetically susceptible individuals might help to achieve
better management of HD. Hence supplementation of By,
B, and folate might help to achieve a favourable prognosis
in HD.

Conclusions

Our integrated transcriptomic and vitamin B¢, B, and folate
cofactor-protein interaction network shows deregulated
pathways like alanine, aspartate and glutamate metabolism,
cysteine and methionine metabolism, sphingolipid signal-
ling pathway, GABAergic, dopaminergic and serotonergic
synapse, amphetamine addiction. Low levels of alanine are
associated with HD patients and elevated alanine reduced
the flux through glycolytic pathway which is a potential
targets in the disease (Pradhan et al. 2022). The glutamine
and glutamate pathway was shown to be important and over
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expression of glutamine synthase was protective in Dros-
ophila (Vernizzi et al. 2020). Death of GABAergic neurons
is associated with HD chorea (Lloyd 1980; Hsu et al. 2018)
while many HD patients show depression associated with
dysfunction of serotonin. Elevated homocysteine observed
in HD leads to mitochondrial dysfunction and lipid bio-
synthesis (Zoccolella et al. 2006; Browne and Beal 2004;
Gu et al. 1996; Block et al. 2011). Further integration of
metabolic data with cofactor network and superimposing
gene expression data from transcriptomic data over it shows
deregulated metabolic pathways which might have potential
implications for disease. Furthermore, the yeast model of
HD treated with B, B, or folate either alone or in combina-
tion showed clearance of protein aggregates. Transcriptomic
analysis of yeast model treated with a combination of B¢, B,
and folate shows upregulation of autophagy, ubiquitin medi-
ated proteolysis, peroxisome, glycerolipid metabolism, fatty
acid oxidation and unsaturated fatty acid biosynthesis while
purine metabolism, porphyrin and chlorophyll metabolism
and ribosome are downregulated. Metabolomic analysis
of yeast model treated with By, B, and folate in the pre-
sent study show changes in aminoacyl tRNA biosynthesis,
metabolism of amino acids. Integrated transcriptomic and
metabolomic analysis of our yeast model showed consider-
able concordance between the pathways obtained. Consistent
with the expression levels observed in transcriptomic data,
the activity of marker enzymes ALT and CAT1 was found
to be elevated in B¢, B, and folate treated 72Q compared to
72Q controls. Further yeast KO was used to validate the find-
ings. Yeast KO for PEX7 a protein involved in peroxisomal
protein import significantly increased protein aggregates,
reiterating the role of peroxisome in HD. Similarly, yeast
KO for PXP1 also showed increased protein aggregation.
Yeast KO for ATGS5 showed increased protein aggregation.
The increased protein aggregation observed in all the yeast
KO was mitigated by treating with a combination of B,
B,, and folate. Taken together our results show By, B, and
folate modulate the activation of the peroxisomal pathway
and upregulate autophagy and ubiquitin mediated proteolysis
which might help in the clearance of protein aggregates with
potential implications in HD. The results from our present
study concomitant with our previously published results of
atrophy and volume change in HD brain in presymptomatic
patients shows that initiating therapeutic interventions before
the onset of symptoms might help to achieve favourable
prognosis in genetically susceptible individuals.
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