bioRxiv preprint doi: https://doi.org/10.1101/2025.02.19.639093; this version posted February 21, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

A multiomic network approach uncovers disease modifying mechanisms of inborn errors

of metabolism

Aaron Bender'?, Pablo Ranea-Robles?, Evan G. Williams®, Mina Mirzaian*, J. Alexander
Heimel®, Christiaan N. Levelt®, Ronald J. Wanders’®, Johannes M. Aerts®, Jun Zhu? Johan

Auwerx™, Sander M. Houten®**, Carmen A. Argmann®**

'Graduate School of Biomedical Sciences, Icahn School of Medicine at Mount Sinai, New York,
NY, USA; 2Department of Genetics and Genomic Sciences, Icahn School of Medicine at Mount
Sinai, New York, NY, USA; *Luxembourg Centre for Systems Biomedicine, University of
Luxembourg, 4367, Esch-sur-Alzette, Luxembourg; “Department of Clinical Chemistry, Erasmus
MC, University Medical Center, Rotterdam, The Netherlands; SCircuits Structure and Function
Group, Netherlands Institute for Neuroscience, Netherlands; ®Molecular Visual Plasticity Group,
Netherlands Institute for Neuroscience, Netherlands; ‘Department of Clinical Chemistry and
Pediatrics, Laboratory Genetic Metabolic Diseases, Emma Children's Hospital, Amsterdam
UMC location University of Amsterdam, Amsterdam, The Netherlands; ®lnborn Errors of
Metabolism, Amsterdam Gastroenterology Endocrinology Metabolism, Amsterdam, The
Netherlands; 9Department of Medical Biochemistry, Leiden Institute of Chemistry, Leiden
University, Netherlands; *°Laboratory of Integrative and Systems Physiology, Interfaculty

Institute of Bioengineering, Ecole Polytechnique Fédérale de Lausanne CH-1015, Switzerland;

*contributed equally

Word and figure count: 5726 words with 5 figures

*Address for correspondence:

Sander Houten, Department of Genetics and Genomic Sciences, Icahn School of Medicine at
Mount Sinai, 1425 Madison Avenue, Box 1498, New York, NY 10029, USA. E-mail:
sander.houten@mssm.edu

Carmen Argmann, Department of Genetics and Genomic Sciences, Icahn School of Medicine at
Mount Sinai, 1425 Madison Avenue, Box 1498, New York, NY 10029, USA. E-mail:

carmen.argmann@mssm.edu


https://doi.org/10.1101/2025.02.19.639093
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.19.639093; this version posted February 21, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

Abstract

For many inborn errors of metabolism (IEM) the understanding of disease mechanisms remains
limited in part explaining their unmet medical needs. We hypothesize that the expressivity of
IEM disease phenotypes is affected by the activity of specific modifier pathways, which is
controlled by rare and common polygenic variation. To identify these modulating pathways, we
used RNA sequencing to generate molecular signatures of IEM in disease relevant tissues. We
then integrated these disease signatures with multiomic data and gene regulatory networks
generated from animal and human populations without overt IEM. We identified and
subsequently validated glucocorticoid signaling as a candidate modifier of mitochondrial fatty
acid oxidation disorders, and we re-capitulated complement signaling as a modifier of
inflammation in Gaucher disease. Our work describes a novel approach that can overcome the
rare disease-rare data dilemma, and reveal new IEM pathophysiology and potential drug targets

using multiomics data in seemingly healthy populations.

Take-home message: Multiomic data and gene regulatory networks derived from animal and
human populations without overt IEM can be used to study disease mechanisms in inborn

errors of metabolism.
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Introduction

Inborn errors of metabolism (IEM) are a collection of rare genetic disorders involving
biochemical processes. IEM have historically been considered single-gene diseases with
“simple” Mendelian, most often autosomal recessive, inheritance patterns. As such the severity
of the clinical presentation is assumed to correlate with mutation deleteriousness also known as
genotype-phenotype correlation.”* Research on IEM has therefore primarily focused on the
known defective enzyme or pathway. Although this has been a highly effective strategy, the
disease mechanisms underlying the clinical presentation of IEM often remain ill-defined. In
addition, IEM present as a spectrum of disease phenotypes ranging from severe to mild or
attenuated, sometimes without a distinct genotype-phenotype correlation. Consequentially,
treatment is often suboptimal, addressing the symptoms rather than the underlying disease. The
unexplained variation in genotype-phenotype correlation illustrates that factors (e.g. genetic or
environmental) other than the defective enzyme or pathway may influence the disease course of
the IEM. Accordingly, diet and feeding status are well-established disease modifiers in many
IEM.

Genome-wide association studies (GWAS) have demonstrated that common genetic
variants affect metabolite concentrations and as such determine an individual's metabolic
individuality.>® These variants are often identified in the same genes in which rare variants
cause |[EM with the same metabolite perturbations, although with differing effect sizes.>®
Similarly, many disease-associated recessive variants can produce mitigated phenotypes in
heterozygous carriers.”® In addition, susceptibility loci underlying common disease were found
to be globally enriched in Mendelian disease loci.*®*! Thus, variation in metabolic genes exists
in allelic series as part of a continuum of biochemical phenotypes with common variation on one
extreme associated with subtle phenotypes and rare variants on the other extreme giving rise to
IEM." As such IEM are comparable to complex diseases, as they are emergent phenotypes
driven by a primary disease gene and influenced by multiple (genetic or other) modifiers."* Re-
categorization of IEM as part of a spectrum of metabolic phenotypes alongside common
metabolic diseases motivates studying IEM like common disease, with data-driven, multiomic
approaches.*®?? In this way the search space for IEM relevant pathophysiology can be guided
beyond the known defective enzyme. We can also overcome the rare disease-rare data hurdle®*
as common disease experimental model systems and their associated multiomic datasets can
be repurposed to inform on novel IEM modifying biology.*

The mouse is a rich resource of multiomic datasets that can be used to study complex

traits. One example is the BXD recombinant inbred (RI) genetic reference population of mice,
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which consists of nearly 200 strains generated from C57BL/6J (B6) and DBA/2J (D2) (here
referred to as BXD) and encompasses ~5 million SNPs.?>?® Available multiomic data include
genotype, multiple tissue transcriptome and proteome data, and clinical phenotyping measured
in animals under different dietary challenges.?’* For this study, we have measured the
abundance of ~60 different metabolites in plasma samples of 40 BXD RI strains. These
metabolites include acylcarnitines, amino acids, and glycosphingolipids, which are considered
diagnostic biomarkers for IEM such as mitochondrial fatty acid oxidation (FAO) disorders,
organic acidemias, aminoacidopathies and some lysosomal storage disorders. The BXD
multiomic data were then integrated with IEM disease signatures to reveal novel modifying

biology.
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Materials and Methods
Detailed materials and methods are available in the supplementary material.

BXD RI strains
The BXD RI cohort was described previously.?”?® Plasma was pooled equally by volume for all

animals to create sufficient quantities for all metabolite analyses.

Metabolite measurements

Sixty-five plasma metabolites and 12 liver metabolites were measured in the BXD RI cohort as
described in the supplementary material. All data are available on GeneNetwork.org under the
“BXD Published Phenotypes” set.

QTL assessment in the BXD RI cohorts
Metabolite measurements were correlated with genotype for single nucleotide polymorphisms
(SNPs) at 7,320 molecular markers in linkage disequilibrium across the genome using the

Haley-Knott regression model of normally distributed traits using the software package R/qtl.*

RNAseq of C57BL/6J and DBA/2J liver and LCAD KO liver and gastrocnemius muscle

Total RNA from liver and gastrocnemius muscle was isolated using QIlAzol lysis reagent
followed by purification using the RNeasy kit (Qiagen). RNA was submitted to the Genomics
Core Facility at the Icahn School of Medicine at Mount Sinai for further processing. mRNA-
focused cDNA libraries were generated using lllumina reagents (polyA capture), and samples
were run on an lllumina HiSeq 2500 sequencer to yield appropriate read depth. All sequencing
data are available in the GEO database (GSE186973, GSE186613 and GSE186648).

Long read sequencing
The sequence of the retrotransposon in Mlycd was determined using PacBio Single Molecule,
Real-Time (SMRT) sequencing and is available at GenBank (MH036232).

Generation and characterization of a congenic DBA/2J line with Mlycd®®®®
In the BXD6 strain, the C57BL/6J marker allele gnf08.119.598 was isolated in a DBA/2-context

using speed congenics.
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Generation of IEM disease signatures
The LCAD KO signatures were derived from a comparison of WT with LCAD KO mice.
Significant DEGs were defined using an adjusted p value < 0.05 (Benjamini-Hochberg method)

with no fold change cut-off.

Generation of coexpression networks from the BXD cohort
Plasma metabolites and liver and muscle gene expression were organized into modules using
WGCNA.*

Bayesian gene regulatory networks (GRNSs)

Mouse Bayesian GRNs were generated as previously described from the liver and muscle gene
expression data generated from a series of segregating mouse populations.* The human liver
GRN was constructed from the human liver cohort comprised of 427 Caucasian subjects.® The
muscle GRN was newly constructed as described® from muscle gene expression data obtained

from the publicly available datasets on the Genotype-Tissue Expression (GTEX) portal.

Generation of tissue-specific, disease-specific subnetworks
Liver and muscle BXD coexpression modules were tested for enrichment in IEM disease
signatures using a one-side Fisher's exact test. P values were corrected for multiple testing

using the Benjamini-Hochberg method.

Shortest path analysis
Shortest path analysis using the distances function of the R package igraph was used to
evaluate how well GRNs captured IEM disease signatures and associated gene coexpression

modules.

Annotation of gene sets, coexpression modules and subnetworks
Gene sets, coexpression modules and subnetworks were annotated for function using
enrichment analysis and several pathway databases as described in the supplementary

material.

Key driver analysis (KDA)

Key driver analysis was performed using the KDA library in R.**
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Transcription factor binding motif enrichment: iRegulon

Transcription factor binding motif enrichment was performed using ChlP-seq derived gene sets
in iRegulon.®®

Validation of the role of glucocorticoid signaling during food withdrawal in a mouse model with a
FAO defect

Mice (5 males and 2 females per group) were treated with L-aminocarnitine and/or mifepristone

as described in the supplementary material.
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Results

Variation in the Mlycd controls malonylcarnitine levels in BXD RI strains
The most intuitive and direct source of potential IEM modifiers are genes that control levels of
IEM-relevant metabolites. We have previously observed many naturally occurring biochemical
traits in inbred mouse strains including 2-aminoadipic and 2-oxoadipic aciduria due to Dhtkd1
deficiency.®*®* We measured amino acids, acylcarnitines, and (glyco)sphingolipids in plasma
samples of 40 different BXD strains on chow and high fat diet (CD and HFD?"?®, Table S1). In
liver samples from the same cohort, we measured (glyco)sphingolipids as well as the activity of
B-hexosaminidase (HEX) and B-glucocerebrosidase (GBA), which are both lysosomal enzymes
involved in glycosphingolipid degradation. Animals on two different diets (CD and HFD) were
used to maximize the range of variation in metabolite levels across the cohort as environmental
exposures such as diet are known to have a profound effect on metabolite abundance. Indeed,
hierarchical clustering analysis illustrated that diet had a primary influence on metabolite
abundance compared to the genetic diversity across the strains (Figure S1A). The genetic
control of these metabolites can be studies through quantitative trait locus (mMQTL) mapping
(Table S2, S3). In order to identify candidate genes that may control the abundance of the
metabolites, additional approaches are often necessary. These include the use of gene
expression as a quantitative trait (eQTL mapping, Table S4-7), co-mapping of mQTLs and
eQTLs (Table S8), correlation between gene expression and metabolite abundance (Table S9)
as well as canonical knowledge of the function of genes within the associated genomic region.
We observed a novel diet-independent mQTL for plasma C3DC (malonylcarnitine)
mapping to a region of chromosome 8 (Figure 1A, Table S2, S3) previously associated with
liver levels of malonate and methylmalonate.®” This region contains Mlycd as the sole candidate
causal gene. Mlycd encodes malonyl-CoA decarboxylase (MCD), which is an enzyme that
catalyzes the conversion of malonyl-CoA into acetyl-CoA. Elevated plasma C3DC and
increased urine malonate and methylmalonate are classic markers of human MCD deficiency.*®
Variation in Mlycd expression is the mechanism underlying the genetic control of C3DC levels in
the BXD RI mouse population as established by a co-localizing liver cis eQTL for Mlycd (Table
S4, S5) and a significant negative correlation between Mlycd expression and C3DC levels
(Figure 1B, S1B, Tables S8, S9). Haplotype mapping at this physical location shows that high
plasma C3DC levels segregate with the presence of the parental DBA/2J allele in a Mendelian
fashion (Figure 1B, S1B). Accordingly, malonate was higher in urine samples from DBA/2J

mice when compared to urine samples from C57BL/6J (Figure S1C). Interestingly, the cis eQTL

8


https://doi.org/10.1101/2025.02.19.639093
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.02.19.639093; this version posted February 21, 2025. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

for Mlycd is tissue specific and observed in liver, lung and spleen, but not in other major
metabolic organs such as muscle and heart (for muscle see Table S6, S7).

In order to identify the variant that causes MCD deficiency in the BXD strains, we used
RNA sequencing data generated from liver of the parental C57BL/6J and DBA/2J strains. We
compared reads that mapped to the region containing Mlycd®® and observed more reads in
introns 2 and 3 in DBA/2J mice when compared to C57BL/6J (Figure 1C, 1D). Using PCR on
genomic DNA, we found a 5,313 bp insertion in intron 2 of Mlycd from DBA/2J mice
(chr8:119,402,361), which was not present in C57BL/6J or 129S2/SvPasCrl mice (Figure S1D).
We obtained the full sequence of this insert using long-read sequencing, which revealed an
intracisternal A-particle (IAP) retrotransposon with identical long-terminal repeats and a 3,204
bp open reading frame encoding the gag-pol fusion protein (Figure 1D, GenBank accession
number MH036232).3**° Elevated C3DC was reported previously in SM/J mice.* We detected a
similar structural variant in genomic DNA from SM/J mice (Figure S1D), which likely reflects a
close phylogenetic relationship with DBA/2J.*?

To further validate the link between the DBA/2J variant of Mlycd and plasma levels of
C3DC, we compared hepatic levels of acylcarnitines in wild-type (WT) DBA/2J mice with levels
in congenic DBA/2J mice carrying the C57BL/6J Mlycd allele (Mlycd®®®®) after overnight food
withdrawal (Figure 1E). DBA/2J mice with Mlycd®*®® had lower levels of C3DC when compared
to WT DBA/2J mice, likely as a result of restored MCD activity (Figure 1E). The levels of
hydroxybutyrylcarnitine (C4O0OH-carnitine) and acetylcarnitine (C2-carnitine) were higher in
DBA/2J mice with Mlycd®®®® when compared to WT DBA/2J mice (Figure 1E). In the BXD RI
population on CD, liver Mlycd expression significantly correlated with C40H-carnitine as well (r
= 0.51, Figure S1E). The increased C40OH-carnitine and C2-carnitine likely indicate higher FAO
as these acylcarnitines represent ketone bodies and acetyl-CoA, which are both FAO end-
products.*® These results are consistent with MCD activity controlling mitochondrial FAO and
ketogenesis in the liver through modulation of malonyl-CoA levels and, as a consequence, the
activity of the rate-limiting hepatic carnitine palmitoyltransferase 1 (CPT1A) (Figure S1F).**** As
such, functional variants in Mlycd could be potential modifiers of clinical phenotypes of FAO

disorders, in particular fasting-induced hypoketosis.

Unbiased identification of IEM modifying biology through integration of multiomics data
The identification of variants controlling IEM-related metabolites is one source potential
modifying biology. A potential disadvantage of this approach is that the selection of these

metabolites is biased because it is based on existing knowledge of disease biology. To
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overcome this limitation, we next interrogated these population-based multiomics data with
unbiased IEM disease signatures. To generate a novel disease signature for a FAO disorder,
we used an animal model. We and others have shown that the long-chain acyl-CoA
dehydrogenase (LCAD or Acadl) knockout (KO) mouse presents with phenotypes that resemble
specific aspects of FAO disorders such as very long-chain acyl-CoA dehydrogenase (VLCAD)
deficiency. These phenotypes include increased long-chain acylcarnitines, fatty liver, fasting-
induced hypoketotic hypoglycemia and cardiac hypertrophy.**° Following overnight food
withdrawal to increase dependence on FAO, LCAD KO mice and WT controls were euthanized
and organs were collected.”® To generate a molecular disease signature underlying the
modeled IEM, we performed RNA-sequencing analysis on liver and gastrocnemius muscle,
which are both organs that play a prominent role in the pathophysiology of long-chain FAO
disorders. In liver, we identified 2,633 significantly differentially expressed genes (DEGS), of
which 1,355 were up- and 1,278 were down-regulated (Table S10). The DEG signature
confirms previously reported changes in hepatic glucose metabolism of LCAD KO mice such as
decreased expression of Gek, Slc2a2, Pklr and Pygl, and increased expression of Pdk4.*® In
muscle, we identified 327 significantly DEGs, of which 207 were up- and 120 were down-
regulated (Table S10). Among the top upregulated genes were Acotl and Acot2, which encode
acyl-CoA thioesterases involved in fatty acid metabolism. These DEG signatures reflect the
molecular changes in liver and muscle of the fasted LCAD KO mouse.

We next focused on identifying potential FAO disease modifying biology in the
multiomics BXD RI data. For this, we first organized the plasma metabolite and liver and muscle
gene expression data from the BXD RI strains through weighted correlation network analysis
(WGCNA®". The WGCNA algorithm yields a network of different modules consisting of highly
correlated metabolites or transcripts. Because of this, the metabolites or transcripts within a
module are likely coregulated and therefore functionally related. The metabolite network was
built from combined CD and HFD cohorts and revealed five distinct modules (Table S11, and
Figure S2), which were named according to their main constituents; long-chain acylcarnitines
(LCAC, turquoise), short-chain acylcarnitines (SCAC, blue), lipids (yellow), branched-chain
amino acids (BCAA, green), and total amino acids (total AA, brown). Each module’s eigenvector
(first principal component) explained, on average, 62 to 76% of the variability. Two metabolite
modules strongly responded to diet, the lipids and SCAC modules (Figure S2). Liver and
muscle gene co-expression networks were generated for the CD and HFD cohorts separately
(Table S12). In general, the modules were found conserved between diets implicating diet-

independent gene coordination across a wide array of pathways and functions (Figure S3,
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Table S13). Expression values for all genes within a module were collapsed into a single value
eigenvector for each BXD RI strain (Tables S14-S17) and associated module QTLs calculated
(Table S18).

We then determined which gene co-expression modules were significantly enriched in
the LCAD KO liver and muscle DEGs. The most significantly enriched modules in liver were
module 3 in CD (LC3) and module 2 in HFD (LH2). Module 4 in CD (MC4) and module 2 in HFD
(MH2) were most significantly enriched in muscle (Figure 2A, 2B, Table S19). Gene
composition of these liver and muscle modules was conserved (Figure S3, Table S13). Further
investigation of these modules revealed they were significantly correlated to the LCAC and total
AA metabolite modules (Figure 2A, 2B, Table S20) and to the clinical trait fasting-induced
weight loss (FIWL).

Next the gene expression modules were functionally annotated through pathway
enrichment analysis. In the liver, the LH2 module, which shares many genes with LC3, was
enriched for genes functioning in “fatty acid oxidation”, “cholesterol biosynthesis”, “protein
processing in endoplasmic reticulum”, amongst others (Figure 2C upper panel, Table S21).
LH2 genes belonging to the FAO pathway, such as liver Acadl and Cpt2 were positively
correlated with LCAC and FIWL and negatively correlated with total AA. The exact opposite
pattern was observed for Hmgcr and Dhcr7, which are genes involved in the cholesterol
biosynthesis pathway (Figure 2D, Table S21). In the muscle, the MH2 module, which shares
many genes with MC4, was enriched for metabolic functions such as “cellular response to
starvation”, “macroautophagy” and “HIF-1 signaling pathway” (Figure 2C lower panel, Table
S21). MH2 genes associated with autophagy such as Foxol, Sesnl and Ulk1, were positively
correlated with FIWL and LCAC and negatively with total AA (Figure 2D). Notably, the total AA
and LCAC modules were anti-correlated indicating that mice with relatively high levels of AAs in
general have lower levels of LCAC (Figure 2D). In summary, the modules enriched in the LCAD
KO disease signhatures highlight genes implicated in the coordinated physiologic response of
liver and muscle to starvation. During starvation, hepatic FAO is induced in order to enable
ketogenesis, whereas cholesterol biosynthesis is repressed. Muscle proteolysis enabled by
autophagy is responsible for the generation of gluconeogenic AAs. Importantly, our analysis
uncovers that in the BXD RI mouse cohort there is inherent population-level variation in the
response to starvation. Because fasting is a critical environmental trigger for pathology in FAO
disorders, we hypothesize that we can leverage the highlighted muscle and liver gene
expression modules and associated processes to identify important modifying biology

underlying FAO disorders.
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Bayesian gene regulatory networks reveal glucocorticoid signaling as a putative modifier
of FAO disorder biology in the muscle

To prioritize the genes/pathways amongst the muscle DEGs and modules associated with FAO
disorders, we utilized Bayesian gene regulatory networks (GRNs). GRNs are mathematical
models often represented as network graphs that predict the regulatory interaction between
genes. GRNs can incorporate genetic information such as eQTLs as causal anchors during
network construction in order to statistically infer directionality in gene pair relationships. The
GRNs we surveyed were generated from muscle expression data generated in second
generation (F2) offspring of several mouse inbred strains or from the human GTEXx project.®?**
We first projected the LCAD KO muscle DEGs as well as the genes of the MC4 and MH2
modules onto the muscle GRNs and calculated the average shortest path length between all
possible gene pairs and compared that to the average shortest path length of random sets of
genes of similar size. We found the mean shortest path length between any pair of nodes to be
less for the DEGs and modules than for randomly sampled gene sets. This was significant (z < -
2) for all 3 gene sets in the mouse GRN, and also for 1 gene set in the human GRN (Figure 3A,
S4A, Table S22). Shorter path lengths between genes in a network context reflect that the
nodes are more connected and thus more likely to be coregulated. Importantly, this observation
in both mouse and human muscle GRNs, is a confirmation that the gene expression
coordination in response to a severe single gene perturbation (LCAD KO) can be recapitulated
in networks constructed from individuals without an overt mitochondrial FAO defect. Critically,
this finding supports the further use of these GRNs to study the molecular response to a genetic
mitochondrial FAO defect.

By projecting the LCAD KO molecular disease signatures onto GRNs and including
nearest neighboring genes that are not part of the signature, we can study the molecular
response to a long-chain FAO defect in the form of a disease-specific subnetwork and also
increase the search space for modifying biology. The LCAD KO muscle DEG signature as well
as the MC4 and MH2 coexpression modules were projected onto both mouse and human
muscle GRNSs, and subnetworks were extracted including all seed set genes and their nearest
neighbors (i.e. + one layer (1L), Table S23). Consistent with our shortest path analysis, the
mouse and human subnetworks of the LCAD KO DEGs+1L, MC4+1L and MH2+1L were
significantly enriched in LCAD KO muscle DEGs (Figure 3B, S4B, Tables S24, S25).

To help prioritize the biology underlying the various LCAD KO-associated subnetworks,

we characterized the genes according to their enrichment in canonical transcription factor-
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binding motifs. A motif predicted to bind the glucocorticoid receptor (GR or nuclear receptor
subfamily 3 group C member 1, Nr3cl) belonged to the most enriched cluster of motifs (M1) in
the MC4+1L and MH2+1L subnetworks and the eighth most enriched cluster (M8) from the
LCAD KO DEGs+1L subnetwork (Figure 3C, Table S26). Using the structure of the GRNs, we
then identified key driver genes, defined as those genes which are the most highly connected to
the genes of the disease subnetworks. The hypothesis underlying key driver analysis is that
disruption of key driver genes would have a greater effect on the phenotypes captured by the
disease subnetworks than non-key driver genes.* Key driver analysis was performed for the
disease-associated subnetworks LCAD KO DEGs+1L, MC4+1L and MH2+1L on both the
mouse and human muscle GRNs. Key drivers were ranked according to the number of times a
gene was identified. They were also annotated for membership of the LCAD KO signature and a
curated set of GR target genes> (Figure 3D, Table S27, S28). Kriippel-like factor 15 (KIf15)
was identified as a key driver in 5 of 6 subnetworks. KIf1l5 was differentially upregulated in the
LCAD KO muscle, is a predicted target of GR, and is known to mediate the response to
starvation in the muscle.”** The network neighbors of KIf15 in the mouse muscle GRN include
Glul and Irs2 (Figure 3E), which are also key drivers and GR target genes. A more directed
survey revealed that LCAD KO-associated signatures, modules, and subnetworks were
enriched in genes up-regulated following GR agonist stimulation including a subset of genes
containing GR binding domains (Figure 3F, Table S29).

If KIf15 is a key driver of FAO-associated biology, then FAO-associated subnetworks
should be enriched in genes that are differentially expressed when KIfl5 expression is
perturbed.®® Indeed, LCAD KO DEGs, MC4 and MH2 modules, and LCAD KO DEGs+1L,
MC4+1L, and MH2+1L subnetworks were enriched in DEGs from skeletal muscle of a KIf15™"
mouse (Table S30). Overall these data implicate GR and KLF15 signaling as potential key
modulators of these LCAD KO-associated subnetworks in the muscle. This suggests that
modulation of GR signaling could have a significant effect on the phenotype of the LCAD KO

mice.

In vivo validation of GR signaling as a modifier of a mouse model with a FAO defect

We next tested the hypothesis that the GR signaling pathway plays a role in the gene
expression changes and phenotypes of the LCAD KO mouse model, and therefore may
represent modifying biology in long-chain FAO defects. We treated WT mice with the GR
57-60

antagonist mifepristone (GRy,,) and/or the mitochondrial FAO inhibitor L-aminocarnitine

(FAO;n) followed by overnight food withdrawal to induce a catabolic stress condition (Figure
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3G). Analysis of variance (ANOVA) for each measurement (corticosterone, FIWL, plasma
glucose, and KIf15 mRNA) indicated significant differences between groups (Table S31).
Following overnight food withdrawal and FAO inhibition, mice showed increased plasma
corticosterone levels consistent with induced glucocorticoid signaling to maintain euglycemia
(Figure 3H). Mice treated with the combination of FAO;, and GR;y, lost significantly less weight
and were significantly more hypoglycemic, supporting the role of GR signaling to maintain
euglycemia through the generation of free AAs through protein degradation and subsequent
gluconeogenesis. KIf15 mRNA expression was increased by inhibition of FAO, which is
consistent with its induction in LCAD KO muscle. The decrease in KIf15 expression upon GR
inhibition is consistent with KIf15 being a GR target gene. Taken together, this animal
experiment supports the role of GR signaling as a modifier of the phenotype of mitochondrial

FAO disorders through modulating muscle protein catabolism.

Unbiased identification of disease modifiers in Gaucher disease

To illustrate that our approach is generalizable and applicable to other IEM, we highlight its
successful application to recapitulate disease-modifying pathways of Gaucher disease (GD),
one of the most common lysosomal storage disorders. We used the 840 DEGs (627 up- and
213 down-regulated) obtained from the liver of Gbal p.D409V/null mice as a GD signature®
(Table S32). Five BXD liver modules, LC4, LH2, LH3, LH4 and LH8 were enriched for GD
DEGs (Figure 2A, Table S19). Whereas LH8 and LH3 were conserved in chow diet as LC4
(Figure S3, Table S12), the genes belonging to LH4 were dispersed over multiple chow
modules (LC3, LC9, LC10 and LC11, Figure S3). Modules LH3 and LH4 significantly correlated
to the activity of GD-deficient enzyme GBA (Figure 2A, Table S20). In addition, the LH4 module
correlated to sphingolipids and lysoglucosylceramide and, importantly, to liver mass, a proxy
measurement for hepatosteatosis. Hepatosplenomegaly amongst other patterns of liver damage
(hepatocarcinoma and fibrosis) are common, heterogeneous phenotypes of GD patients. LH4
was also correlated to the plasma lipid module (Figure 2A, Table S20), representing a
connection between hepatic lipid metabolism and plasma metabolite levels capturing the
molecular and phenotypic characteristics of GD.

GD DEGs and associated BXD modules are tightly co-regulated in liver GRNs generated
from population models of mouse® and human® as demonstrated using shortest path analysis
(Figure 4A, Figure S5, Table S33). They were also used to isolate GD-associated subnetworks
through the projection of GD DEGs or associated modules onto GRNs and including nearest

neighbors (Table S34). The resulting GD-specific, tissue-specific subnetworks share many
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genes (Figure 4B, Table S35) and were enriched in the GD DEG signature, reflecting that they
continued to reflect the IEM disease signature (Figure 4B, Table S36).

Subnetworks associated with LH3 and GD DEGs were enriched in WikiPathways gene
sets “Macrophage markers” and “Microglia Pathogen Phagocytosis Pathway” (Table S37) and
Hallmark gene sets “allograft rejection”, “interferon gamma response”, and “complement”
(Figure 4C, Table S38). The top enriched transcriptional motif for the LH3+0L subnetwork was
a canonical SPIB binding domain with predicted transcription factors including the macrophage
development and iron homeostasis regulator Spi-C (SPIC, Figure 4C, Table S39). These
results are consistent with dysfunctional macrophage activity due to lysosomal accumulation of
glucocerebroside.** The LH4+1L subnetwork was most enriched for the pathway terms
“epithelial-mesenchymal transition”, “adipogenesis”, “Nuclear receptors in lipid metabolism and
toxicity”, and the enriched transcriptional motif was predicted to bind to AP-1 (a variable dimer of
Fos and Jun subunits)(Figure 4C, Table S37, S38). Epithelial-mesenchymal transition in the
liver may be related to chronic inflammation and the development of liver fibrosis. Patients with
GD have a significantly greater risk for developing certain cancers (including multiple myeloma
and hepatocellular carcinoma®) and Parkinson disease.®® Interestingly, both the LH3+0L and
LH4+1L subnetworks were enriched in genes associated with these diseases (Figure 4C, Table
S40).

Cathepsin S (Ctss) was identified as a key driver gene in six of eight total subnetworks
tested (Figure 4D, Table S41). Ctss is upregulated in liver and spleen of the GD mouse model,
and serum CTSS levels have been proposed as a biomarker for GD disease severity due to
their elevated levels in patients before treatment initiation.” CTSS is a target of the SPIC
transcription factor, and the CTSS subnetwork in human liver GRN (including complement-
associated genes included FCGR3A, CR1, CD33, C5AR1 and TLR2) is most significantly
enriched in WikiPathways gene sets “TYROBP Causal Network” and “Human Complement
System” (Figure 4E, Table S37). GBA dysfunction has been associated with glucocerebroside-
specific IgG autoantibodies, complement effector C5a generation and C5aR1 activation in a
cycle that can drive innate and adaptive immune cell recruitment and activation in GD.?®%° We
observed significant overlap between GD-associated modules and subnetworks and DEGs from
recombinant C5a-treated human GD-induced pluripotent stem cell-derived macrophages (Table
S37, “GD with C5a vs GD with vehicle”, “C5a all vs vehicle all”).”® Thus, we provide independent
evidence for the association between GBA function, complement activation with CTSS
upregulation, and GD-relevant phenotypes including increased liver mass and altered

glycosphingolipids both in a model of GD and models of ‘normal’ variation and complex
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diseases. Recapitulation of these associations supports the biology and imbues confidence in

the network approach to identify modifying pathways in IEM models.
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Discussion
In this study, we applied a nhovel approach that expands the search space for modifiers of IEM in
a data-driven and unbiased way (Figure 5A). Several novel insights were gained. First, we
added IEM-associated metabolites as BXD RI strain phenotypes for further investigation and
identified a novel structural variant in the Mlycd DBA/2J haplotype causing a biochemical
phenotype that may act as a modifier of IEM biology in the mouse. Second, we found that IEM
disease signatures generated as DEGs from IEM mouse models (FAO disorders and GD) are
coexpressed and highly connected in networks built from common population transcriptomes
(human and mouse). This indicates that despite the extreme perturbation in the IEM condition,
conserved biology is highlighted by smaller perturbations in the common population. We
exploited this observation and identified and then experimentally validated GR signaling as a
candidate modifier pathway that may explain differences in clinical presentation of FAO disorder
patients. Using the same approach, we independently validated a link between complement
signaling and inflammation in GD while also identifying a novel player in CTSS that may serve a
role in translating the accumulation of glucosylceramide to a hyperinflammatory state. Our
observations support finding modifiers of IEM through approaches that consider them as part of
a continuum of disease states with the common population at the mild end of the extremes.*
The LCAD KO mouse, a model for long-chain FAO disorders, displays increased LCAC,

46-49 \which are

fatty liver, fasting-induced hypoketotic hypoglycemia and cardiac hypertrophy,
similar phenotypes as observed in patients. Our prior work has demonstrated that impaired
amino acid metabolism contributes to fasting-induced hypoglycemia in the LCAD KO mouse®®
and impacts on metabolic signaling.* In the BXD RI multiomic data, the liver and muscle gene
expression modules we identified as most enriched for tissue-specific LCAD KO mouse DEGs
correlated with LCAC, total AA and FIWL. It is known that during fasting, FAO serves as an
alternative to glucose for ATP production. Being able to spare glucose is crucial to protect the
body against excessive erosion of protein stores, since AAs are the main alternative source of

gluconeogenic precursors.’"

Indeed, it was recently demonstrated that liver alanine
conversion into glucose can promote skeletal muscle atrophy.” The current work further
establishes the tight link between AA metabolism and mitochondrial FAO. Our data show for the
first time that there is a genetic basis for the molecular coordination of the fasting response
between liver and muscle, which may underlie some of the phenotypic variation observed in
patients with a FAO disorder (Figure 5B, Table S42).

We further investigated the muscle LCAD KO DEG signature and its enriched

coexpression modules in the context of muscle GRNs. Key driver analysis identified GR and
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KLF15 signaling as a pathway that may modulate the activity of these subnetworks and thus
potentially underlie the variation in FIWL, LCAC and total AA. We inhibited GR signaling in a
model for mitochondrial FAO deficiency and demonstrated reduced FIWL and more pronounced
hypoglycemia. This result indicates that muscle GR signaling may be a candidate modifier of the
phenotypes in long-chain FAO disorders. At this point, we are not able to pinpoint a genetic
cause underlying variation in muscle GR signaling. This could be a muscle factor such as the
key driver KIf15, but it is equally well conceivable that the cause is polygenic involving multiple
tissue types. Glucocorticoid signaling is controlled by the hypothalamic—pituitary—adrenal axis, a
neuroendocrine system that is influenced by stress, but also hypoglycemia. In accordance, the
increase in glucose production is a classic function of glucocorticoids.

To illustrate that our method of integrating multi-scale data from general populations to
identify modifying mechanisms in rare disease can be applied to other IEM, we studied GD-
specific subnetworks. Our pathway enrichment and key driver analysis identified components of
complement signaling as important in GD-associated pathology. As the expression of these
genes was also correlated with the liver mass phenotype of the BXD RI cohort, it suggests
complement-associated genes may underlie some of the associated liver pathology in GD.
Indeed, activation of C5a and Cb5a receptor 1 (C5aR1) controls glucocerebroside accumulation
and the inflammatory response in experimental and clinical GD.®® Furthermore, the GD mouse
liver DEGs, GD-associated BXD modules LC4, LH3, and LH4, and GD-associated subnetworks
are all enriched in gene sets generated from the treatment of C5a-treated, GD-patient derived
macrophages,’® which further supports the link between these GD-specific subnetworks and
complement activation. This recapitulation of complement as a driver in GD illustrates that our
approach is generalizable and can be applied to other IEM.

CTSS was identified as a key driver of this GD pathology. CTSS is a member of the
cysteine family of lysosomal proteases, predominately expressed in antigen-presenting cells
and upregulated in models of antigen-induced inflammation.”””® CTSS participates in the
degradation of antigenic proteins to peptides for presentation on MHC class Il and the
degradation of antigenic lipids for presentation on CD1d.?° Further studies are required to
determine if CTSS cleaves accumulated glucosylceramide for cell surface presentation by
CD1d. In this case, recognition of CD1d-presented glucosylceramide fragments by NKT cells
would drive B cell differentiation to anti-glucosylceramide autoantibody-producing plasma cells
and a hyper-inflammatory state (Figure 5C). This hypothesis is supported by study of a Ctss™

model with a mild immunocompromised phenotype.”
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Although CTSS itself has not been associated with complement signaling yet, other
members of the cathepsin protease family have previously been implicated in this process. The
related cathepsin H has been shown to cleave intracellular C5 to generate the potent
chemotaxin C5a in extracellular compartments of atherosclerotic plaques.®* In addition, the
related cathepsin L can process complement C3 into biologically active C3a and C3b in T
cells.® Importantly, intracellular generation of C3a was observed in not just T cells, but other
immune and non-immune cell populations as well, suggesting that intracellular complement
activation might be of broad physiological significance. While binding of the glucosylceramide-
IgG auto-immune complexes to FcgR on phagocytes and antigen-presenting cells is known to
lead to local C5a generation through C5 proteolysis, more study is required to determine if
CTSS can act as this FcgR-activated protease. If this were true, then modulation of C5aR1 and
its downstream effectors including CCL18 and other proinflammatory cytokines by CTSS would
represent a novel complement-activating mechanism (Figure 5C). Even in the absence of the
specific mechanism, we not only provide further evidence that connects complement signaling
and the hyperinflammatory state associated with macrophage dysfunction and lipid
dysregulation characteristic of GD, but we also identified a link between CTSS and complement
signaling that may underlie diverse GD severity.

In summary, we demonstrate that the gene-gene interactions found within GRNs built
from common disease transcriptomes can be exploited to derive IEM associated subnetworks.
This provides new gene sets and key driver genes to be further annotated, characterized, and
probed for modifying biology that connects primary disease genes with the clinical phenotype.
We speculate that from these subnetworks, variants in new candidate modifiers will emerge as
novel players in disease pathology as well as therapeutic targets to complement existing

interventions.
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Figure legends

Figure 1. Identifying potential modifiers of IEM metabolite abundance through QTL
mapping. (A) QTL mapping for C3DC on a region of chromosome 8 containing Mlycd. (B) The
significant negative correlation between plasma C3DC levels and Mlycd gene expression in the
liver of BXD RI mice on HFD. The animals almost perfectly separated expression levels
according to haplotype near the Mlycd gene. Animals with the DBA/2J haplotype had low Mlycd
expression and high C3DC, whereas the opposite relationship was observed for C57BL/6J. (C)
A Sashimi plot visualizing the splice junctions and read density from aligned RNA-seq data of
liver tissue from a C57BL/6J and a DBA/2J mouse. All exons and introns from the Mlycd gene
are displayed. (D) A detail of the Sashimi plot showing read density in the region around Mlycd
exon 3. Many intronic reads are observed in the DBA/2J liver sample. The position of the
identified insertion of an intracisternal A-particle in intron 2 of Mlycd in the DBA/2J genome is
indicated. (E) Liver abundance of C3DC, C40H and C2-carnitine in DBA/2J mice and mutant
DBA/2J mice carrying the C57BL/6J allele for Mlycd.

Figure 2. Identifying IEM disease modifying biology through co-mapping IEM relevant
metabolites, traits and molecular signatures to BXD gene coexpression modules. (A)
Gene coexpression modules from BXD liver were tested for enrichment in LCAD KO and
Gaucher disease DEGs (color according to fold enrichment). Gene module eigengenes (PC1
calculated for each module) were correlated to metabolite module eigenmetabolites (PC1 for
each module), liver metabolite and enzyme activity levels, and clinical traits associated with
different IEM (circle color according to Spearman’s r correlation; circle size is proportionate to
FDR significance). (B) Gene coexpression modules from BXD muscle were tested for
enrichment in DEGs from LCAD KO muscle (color according to fold enrichment). Gene module
eigengenes were correlated to metabolite module eigenmetabolites and clinical traits associated
with different IEM (circle color according to Spearman’s r correlation; circle size is proportionate
to FDR significance). (C) LCAD KO-specific coexpression modules liver HFD 2 (LH2) and
muscle HFD module 2 (MH2) were annotated with enriched GO, KEGG, and Reactome gene
sets. Displayed are clusters of pathways that have similar gene membership. (D) Expression
levels of genes from LH2 that map to “fatty acid oxidation” and “cholesterol biosynthesis” gene
sets and genes from MH2 that map to the gene set for “cellular response to starvation” were
correlated to fasting-induced weight loss (FIWL), the long-chain acylcarnitine (LCAC) metabolite

module, and the total amino acid (AA) metabolite module assuming non-normal distribution of
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gene expression (Spearman’s r). P values were corrected for multiple testing using the
Benjamini-Hochberg method. Each gene was annotated for membership in the LCAD KO

disease signatures.

Figure 3. Bayesian gene regulatory network analysis reveals glucocorticoid signaling as
a candidate modifying pathway in FAO-deficient muscle. (A) The normalized path length of
LCAD KO muscle DEGs is significantly smaller than the normalized path lengths of random
gene sets of equal size in the mouse muscle GRN. (B) Mouse subnetworks generated from
LCAD KO muscle DEGs and the MC4 and MH2 modules share many genes (top) and are
highly enriched in the original LCAD KO muscle DEGs (bottom; FE = fold enrichment). (C)
Genes from MH2 + 1L subnetwork generated from the mouse muscle GRN were tested for
enrichment in regulatory motifs using the iRegulon feature of Cytoscape, and the top five most
enriched motifs are shown (NES = normalized enrichment score). (D) The top ranked key
drivers (KD) of LCAD KO subnetworks are shown according to the frequency of identifying the
gene as a key driver across the 6 subnetworks. Key drivers are annotated for being a member
of the LCAD KO muscle DEGs and for being a GR target gene. (E) The local network structure
from the mouse muscle GRN around the top-ranked key driver KIf15 reveals multiple gene
targets of glucocorticoid receptor such as Glul. (F) LCAD KO muscle subnetworks were tested
for enrichment in GR responsive genes (FE = fold enrichment). The curated GR-responsive
gene set was separated into genes upregulated (arrow up) or downregulated (arrow down)
following treatment with a GR agonist and genes that contained a glucocorticoid receptor
binding region (GRBR) (Y) or not (N) as determined by ChIP-seq. (G) Schematic representation
of the mouse experiment that validates the role of GR as a modifier of the fasting response in
animals with a FAO deficiency. At 4:30pm, mice were treated with the GR inhibitor mifepristone
(GRinn) or vehicle. One hour later (5:30pm) mice received an intraperitoneal (ip) injection of L-
AC (FAO;.n.) or vehicle. Mice were euthanized after overnight food withdrawal. (H) Plasma
corticosterone FIWL, plasma glucose, and muscle KIf15 liver mRNA levels were measured in
the mice treated as described above. The ANOVA F value was significant for all 4 traits (Table

S31). Indicated are the results for the Tukey's multiple comparisons test.

Figure 4. Identifying inflammatory pathways associated with phenotype variability in
Gaucher disease. (A) The normalized path length of GD liver DEGs is significantly shorter than
the normalized path lengths of random gene sets of equal size in the human liver GRN. (B)

Subnetworks generated from integration of the mouse liver GRN with GD liver DEGs and BXD
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liver coexpression modules enriched in GD liver DEGs share genes in common (top) and are
highly enriched in the original GD signature (bottom; FE = fold enrichment). (C) Subnetworks
generated from integration of the mouse liver GRN with liver HFD coexpression module 3 (LH3)
and liver HFD coexpression module 4 (LH4) were annotated for enrichment in transcriptional
motifs, Hallmark gene sets from MSigDB, and pathology-associated gene sets from the
Comparative Toxicogenomics Database (CTD). (D) Top-ranked key drivers are shown
according to the frequency that they were identified as a key driver across liver-specific, GD-
specific subnetworks generated in the human and mouse liver GRNs. Key drivers were
annotated for membership in the GD liver DEGs. (E) The local network structure around the top-
ranked key driver CTSS in the human liver GRN reveals multiple genes belonging to the LH3

subnetwork, the complement gene set from Hallmark, and the GD liver DEGs.

Figure 5. The multiomic network approach reveals a multi-tissue interaction of genes and
metabolites that may underlie the phenotypic variability in IEM. (A) The multiomic network
approach used to uncover disease modifying mechanisms of IEM. Schema that represents the
approaches used to overcome the rare disease-rare data dilemma and find novel modifying
biology of IEM. (B) Schema outlining the interactions between liver metabolism (FAO and
cholesterol synthesis), muscle metabolism (role of GR activation in the starvation response),
plasma metabolites (LCAC and AA) and clinical traits (fasting-induced weight loss). Population
level variation in these interactions is speculated to act as a modifier of the pathophysiology of
FAO disorders. (C) Schema outlining the potential impact of CTSS on complement activation
and lipid self-antigen presentation by the MHC I-like CD1 family. Population level variation in

these processes is speculated to act as modifiers of the pathophysiology of GD.
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