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Abstract 

 
 
 

Lysosomal storage diseases (LSDs) are a heterogeneous group of ~70 rare 

inherited metabolic diseases caused by loss-of-function variants in genes 

encoding for lysosomal enzymes, their activators, or transport proteins. Clinical 

symptoms manifest during early childhood or adolescence, causing varying 

degrees of disability and short life expectancies. At a cellular level, LSD cells 

show a progressive accumulation of undegraded substrates. In a subset of LSDs, 

called sphingolipidosis, the primary buildup material corresponds to lipids. These 

diseases can affect several organs, including the liver, brain, heart, peripheral 

nervous system, haematologic, skeletal, gastrointestinal system, lung, muscle, 

and others. On the other hand, defects in processing sphingolipids have also 

been observed in patients with common diseases such as neurodegenerative 

disorders and cancer. To date, the phenotypic variability observed in monogenic 

conditions is thought to be influenced by genomic loci variation other than in the 

primary disease locus. These genes are called modifiers. We harnessed the 

natural genetic variation between different strains of healthy mice to identify 

modifier genes/networks of lysosomal biology. We used a systems genetics 

approach. We measured the hepatic activity of 12 lysosomal enzymes and 

several of their natural substrates in livers derived from a panel of inbred mouse 

strains, followed by genetic regulators mapping by genome-wide association 

studies (GWAS), transcriptome associations, Bayesian integration, and pathway 

enrichment analysis. The GWA study identified 137 non-redundant genes 

associated with changes in lysosomal enzyme activities and 1744 modifiers for 

GSLs. Among these genes, 30 are shared between the enzymes and lipid 
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groups. They are clustered into three pathways and associated with other non- 

LSD diseases. Surprisingly, they are under the regulation of ten common 

transcription factors, suggesting a common regulation of sphingolipid 

metabolism. In summary, we have identified novel regulators of lysosomal 

enzymes and GSL levels that may serve as therapeutic targets for LSD and 

implicated GSL metabolism in other diseases. 

 
 
 

Keywords: systems genetics, inbred strains, modifier genes, lysosomal enzyme 

activity, glycosphingolipids, disorders with lysosomal dysfunction. 
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Chapter 1: Introduction 

 
The lysosome is a specialized organelle with a highly dynamic and regulated 

structure that plays critical roles in cellular catabolism [1,2]. Lysosomes were 

initially thought of as a sac of enzymes for degrading macromolecules uptake 

through the endocytic pathway [1,3]. Recently, other functions have been 

uncovered, such as metabolic regulators [4,5], cholesterol transport, ion 

homeostasis, immune response, bone mineralization, plasma membrane repair, 

and transcriptional regulation [6–11]. Given their multifunctional character, 

lysosomes are considered central organelles for maintaining and regulating 

cellular homeostasis [1,2,12]. 

Defects in genes encoding for lysosomal proteins can cause ~70 rare monogenic 

congenital conditions known as lysosomal storage diseases (LSDs) [13–16]. 

Sphingolipidoses correspond to a subset of the LSD group, characterized by the 

intralysosomal build-up of partially digested sphingolipids [17,18], a fascinating 

group of lipids that combines ceramide with one or more sugar residues [19]. 

Sphingolipids are involved in various biological processes, including cell 

migration, apoptosis, senescence, growth regulation, and inflammatory 

responses [20]. Thus, intracellular accumulation of sphingolipids leads to cellular 

dysfunction, tissue damage, and organ failure [21,22]. 

Variants in genes associated with lysosomal storage disorders (LSDs) have been 

identified in several prevalent conditions such as Parkinson's disease (PD) and 

Alzheimer's disease (AD) [23–26], cancer [27], non-alcoholic fatty liver disease 

(NAFLD) [28], cardiovascular disease [29,30], and others [31,32]. This 

observation reinforces the notion that lysosomal dysfunction is crucial in the 

pathogenesis of these diseases. 
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Currently, there is no known cure for LSDs, and therapeutic options are limited 

[16]. Some available approaches include enzyme replacement therapy (ERT) 

[33,34], substrate reduction therapy (SRT) [35,36], cell therapies [37,38], and 

gene therapy [39,40], among others [41–44]. However, these treatments are 

often expensive, invasive, and not universally effective [45–49]. Therefore, there 

is a great need to develop new therapies for better management and ultimately 

cure these disorders [50–53]. 

The use of lysosomal modifying genes to restore the activity of the deficient 

enzyme or reduce the stored lipids is an underexplored therapeutic strategy 

[54,55]. A modifier gene refers to a locus in the DNA sequence that alters the 

typical phenotypes associated with target genes and affects organelle function 

[56]. The main challenge lies in discovering these modifier genes. 

Genomic modifiers have been mapped using several techniques, including 

genome-wide association studies (GWAS) [57], linkage analysis [58], and 

systems biology approaches [59]. GWAS analyzes allele frequency differences 

among unrelated individuals with varying phenotypic traits [60]. It is 

advantageous over linkage studies regarding genomic mapping resolution [61,62] 

and, therefore, widely applied. 

The mouse is a common model organism in biomedical research due to its 

genetic similarity with humans (sharing 90% of the genome) and similar cellular 

regulations and physiology [63,64]. Furthermore, tissues can be accessed, and 

their genomes are already genotyped [65]. Inbred mouse strains, such as the 

Hybrid Mouse Diversity Panel (HMDP), provide an extraordinary source of 

genetic diversity for discovering modifier genes involved in physiological 
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processes [66–68]. However, this advantage has not been fully utilized in 

uncovering genetic regulators of lysosomal biology. 

 
 
 

Hypothesis 

 
The natural genetic variation among different strains of healthy mice can be used 

to identify novel putative modifiers genes/networks that regulate the activity of 

lysosomal enzymes and their natural substrates by genome-wide association 

studies. 

 

 
Main aim 

 
To identify new modifier genes/networks of lysosomal phenotypes related to 

diseases with lysosomal dysfunction. 

 
 
 

Specific aims 

 
i.- To measure the activity of twelve lysosomal enzymes and determine GSL 

levels in livers from a panel of inbred mice. 

 
ii.- To identify new putative modifiers genes/networks that regulate the activity of 

lysosomal enzymes and GSL by GWAS, pathway enrichment analysis, and 

integrative networks. 

 
iii. To determine common and unique putative regulators of lysosomal enzyme 

activity and GSL levels. 
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Chapter 2: Related articles and derivatives of this doctoral thesis 

 
 
 
 

Article 1. Genetic Background Matters: Population-Based Studies in Model 

Organisms for Translational Research. 

Olguín*, Duran*, et al. Int J Mol Sci. 2022 Jul 8;23(14):7570. doi: 

10.3390/ijms23147570 (* equal contributors). 

Here, we present an overview of several model organisms - Mus musculus, 

Drosophila melanogaster, and Saccharomyces - extensively utilized in 

biomedical research and evaluate their strengths and limitations. We described 

the origin and applications of the HMDP mouse panel used in this thesis. We 

highlight successful genomic studies that have identified genomic regions 

contributing to observed phenotypic variability. Our emphasis is on the 

translational relevance of these studies to precision medicine for both rare and 

common diseases, achieved through the extensive use of all available omics 

information associated with the different model organisms. 

 
 
 
Article 2. Identification of genetic modifiers of murine hepatic β- 

glucocerebrosidase (GCase) activity. 

Durán et al., Biochem Biophys Rep. 2021 Aug 18;28:101105. doi: 

10.1016/j.bbrep.2021.101105. 

This work identified putative modifier genes of murine liver β-glucocerebrosidase 

activity using a systems genetics approach that allowed them to integrate 

intermediate molecular phenotypes. Together with the analysis with other 
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network-based approaches, they identified a repertoire of biological interactions 

based on predefined hepatic networks suggesting some functional interpretations 

for regulating this lysosomal enzyme. 

 
 
 

Article 3. A Mouse Systems Genetics Approach Reveals Common and 

Uncommon Genetic Modifiers of Hepatic Lysosomal Enzyme Activities and 

Glycosphingolipids. 

Durán et al., Int J Mol Sci. 2023 Mar 3;24(5):4915. doi: 10.3390/ijms24054915. 

 
This study utilizes inbred strains from the Hybrid Mouse Diversity Panel to identify 

the genetic regulators influencing lysosomal enzyme activities, GSL levels, and 

the pathways enriched with these gene sets. Additionally, it dissects the genetic 

regulators that overlap between the two groups of phenotypes and identifies the 

transcription factors that may regulate them. The study also highlights that up- 

regulating a second gene can enhance the enzymatic activity associated with the 

primary gene, thereby improving the phenotype linked to a physiological or 

pathological process. These findings suggest potential new therapeutic avenues 

for diseases involving lysosomal dysfunction. 
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Abstract: We are all similar but a bit different. These differences are partially due to variations in our 

genomes and are related to the heterogeneity of symptoms and responses to treatments that patients 

exhibit. Most animal studies are performed in one single strain with one manipulation. However, 

due to the lack of variability, therapies are not always reproducible when treatments are translated to 

humans. Panels of already sequenced organisms are valuable tools for mimicking human phenotypic 

heterogeneities and gene mapping. This review summarizes the current knowledge of mouse, fly, 

and yeast panels with insightful applications for translational research. 
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1. Precision Medicine in Humans 

Precision medicine characterizes diseases at a higher resolution by genomic and 

other technologies, providing more accurate targeting of patient subsets with tailored 

therapies [1]. To make this possible, large genotyped cohorts with deep clinical annotations 

are required to map loci responsible for the phenotypic variability. Common approaches to 

gene mapping include genome-wide association studies (GWAS) and linkage analysis in 

families of patients with variable disease severity [1]. These studies are time-consuming and 

expensive due to recruiting and genotyping costs. Furthermore, it is virtually impossible with 

rare diseases to find large cohorts in order to assure statistical significance for the genomic 

mapping. 

Furthermore, families presenting enough informative individuals with variable symp- 

toms are challenging to identify [2]. Strategies using model organisms with various genetic 

backgrounds are valuable resources for overcoming these obstacles. In this review, we 

describe many panels of organisms and examples of how modeling diseases on them can 

accelerate the pace of discoveries toward translational research in humans. 

2. Rodents as Model Organisms in Genetic Research: Advantages and Limitations 

The advantages of using mouse models in biomedicine have been discussed exten- 

sively [3]. Some benefits are the following: (i) the availability of genetic tools for creating 

disease models by transgenic, knockout, and knock-in technologies [4–6] (https://www. 
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jax.org/research-and-faculty/resources/mouse-mutant-resource/available-models (ac- 

cessed on 22 May 2022)); (ii) inbred mouse strains are nearly isogenic, enabling to study how 

the same genetic mutation modifies a phenotype of interest in different genetic backgrounds 

[7–11]; (iii) mouse tissues are available for omics studies which can be chal- lenging to obtain 

from humans [12]. Some limitations include different evolutive pressures for mice and 

humans; therefore, some systems, such as the immune system, do not function similarly in 

both species [13]. 

2.1. Hybrid Mouse Diversity Panel 

Currently available resources in rodents to find modifiers genes by association studies 

can be defined in two categories: (i) reference panels, consisting of inbred strains such as the 

Hybrid Mouse Diversity Panel (HMDP) and the Collaborative Cross (CC); (ii) populations 

derived from pseudo-random breeding of inbred strains, such as the Diversity Outbred (DO) 

and Heterogeneous Stock (HS) (Figure 1). 

 

Figure 1. Breeding schemes for inbred (CC) and outbred (HS and DO) mice populations: Inbred founder 

strains for each panel are indicated in the right box. CC and DO populations share the same eight founder 

strains, five of which are standard laboratory inbred strains, while three are wild- derived strains. Colors 

represent the genotypes of strain chromosomes. The first steps include the combination of all eight 

founder genomes (outcrosses). CC is then generated as a recombinant inbred (RI) after multiple 

brother–sister breeding. HS and DO panels were developed as high-diversity outbred panels by over 40 

generations of random outcrosses. DO was created from partially inbred Collaborative Cross (CC) mice. 

Quantitative phenotyping can be performed in the strains and used for gene mapping. Some signals in 

chromosomal locations will probably pass the threshold of significance (red line) in the LOD plot. The 

functional relevance of these variants can be assessed in animal models such as knockout mice and 

induced pluripotent stem cells (iPSC) derived from patients. 

https://www.jax.org/research-and-faculty/resources/mouse-mutant-resource/available-models
https://www.jax.org/research-and-faculty/resources/mouse-mutant-resource/available-models
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HMDP is a large panel of approximately 100 commercially available (https://www. 

jax.org (accessed on 22 May 2022)) and fully sequenced (www.sanger.ac.uk/science/data/ 

mouse-genomes-project (accessed on 22 May 2022)) inbred strains: ~30 classical inbred 

strains and ~70 recombinant inbred (RI) strains derived mainly from crosses between 

C57BL/6J and DBA mice and A/J and C57BL/6J mice [14]. 

Advantages of using the HMDP panel are the following: (i) their genomes are known 

(http://mouse.cs.ucla.edu/mouseHapMap/ (accessed on 22 May 2022)); thus, it is un- 

necessary to spend funds performing this step; (ii) HMDP possesses ~4 million common 

single-nucleotide variants (SNVs), which is similar to the number present in humans [15]; 

(iii) high-resolution association mapping [14], which is at least an order of magnitude higher 

than in linkage analysis; (iv) it is possible to integrate gene mapping with other omics 

(transcriptomics, proteomics, and metabolomics data) [12]; (v) commercially avail- able 

(from The Jackson Laboratory, Harlan, and others); (vi) sufficient bioinformatics tools for data 

mining of complex mouse and human disease traits, such as the Systems Genetics Resource 

(SGR) (http://systems.genetics.ucla.edu (accessed on 22 May 2022)); (vii) servers to perform 

association mapping and statistical power simulation, which are also available in R to run 

them in house [16]. 

The HMDP also has limitations. For example, extensive linkage disequilibrium (LD) 

blocks are observed, both within and between chromosomes, probably as a result of 

the selection of allelic combinations conceding higher fitness during the inbreeding [17]. 

Consequently, regions in LD can lead to false-positive associations in GWAS analyses. Although 

the HMDP has a high mapping resolution, the statistical power to detect the effect of loci 

is small (estimated at 50% to variants explaining 10% of the trait variance) [14]. Since most 

loci contributing to a complex trait have an effect size below 5% [18], variants with subtle 

effects cannot always be detected by the HMDP. Power can be enhanced by including 

additional inbred and RI strains and performing meta-analyses from other panels such as the 

CC or traditional crosses [19]. 

An exciting application of the use of mouse panels in translational research comes from 

crossing the classical Alzheimer’s disease (AD) mouse model (5XFAD) bearing mutations 

in APP and PSEN1 with 28 different strains of the BXD panel (AD-BXD). The F1 represents 

isogenic lines that were studied in a controlled environment. The AD-BXD panel mimicked 

several signs of the AD patients, including phenotypic variation in disease onset and severity. 

As in humans, the Apoe allele significantly affected spatial memory and other behavioral tests 

in the AD-BXD panel. Furthermore, hippocampal gene expression in the severe and mild lines 

agrees with transcriptomic changes observed in patients [20]. 

2.2. The Collaborative Cross (CC) Panel 

The CC is a large panel of RI mouse strains obtained through systematically outcross- ing 

eight founder strains, followed by randomized breeding [21]. The founder strains of the 

CC include five of the widely used classical inbred laboratory strains (A/J, C57BL/6J, 

NOD/ShiLtJ, 129S1/SvImJ, and NZO/HILtJ), as well as three wild-derived strains descen- dent 

of three M musculus subspecies (WSB, Castaneous, and PWK) (Figure 1). These eight strains 

have been fully sequenced and carry ~45 million SNVs, four times more than those of classical 

laboratory mouse strains [22]. 

The genomes of the CC panel are known (http://csbio.unc.edu/CCstatus/CCGenomes 

(accessed on 22 May 2022)), which is helpful for genetic association studies. Haplotypes 

can be easily visualized or reconstructed as a mosaic of the genomes of the founders [23]. 

Parental strains capture approximately 90% of the genetic diversity seen in the Mus mus- culus 

species [24]. This high genetic diversity significantly reduces false candidate loci. Additionally, 

randomized breeding substantially increases mapping resolution by reducing population 

structure effects [25]. CC strains have been used to map quantitative trait loci (QTLs) to less 

than 5 Mb intervals [26]. Online tools are available to perform GWAS and linkage analyses 

[27]. Several aspects of human genetics and behavioral factors can be modeled in this system, 

including the heterogeneities observed in neurodevelopmental 

https://www.jax.org/research-and-faculty/resources/mouse-mutant-resource/available-models
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disorders such as autistic spectrum disorders (ASDs) [28]. The CC panel allowed the 

discovery of novel candidate severity modifiers of ASD, e.g., Bai3, considered a potential 

target for pharmacological intervention [28]. 

Some considerations associated with using the CC panel are the following: (i) unique 

outlier phenotypes can arise in large studies, probably due to the complex genetic regu- latory 

networks involving multiple loci with epistatic interactions [29]; in such cases, the preferred 

approach for identifying causal genes is traditional F2 analysis or backcrosses [30]; 

(ii) because identifying loci could be time-consuming, it is suggested to perform a pilot study 

and expand as necessary [29]; (iii) creating a panel like the CC can generate breed- ing 

complications and infertility, mainly caused by genomic incompatibility introduced by the 

wild-derived strains. For that reason, the initial CC project aimed to produce 1000 strains 

but finished with only ~100 and inspired the creation of the Diversity Outbred (DO) 

population. 

CC lines have been used for genetic association studies of many complex traits. QTL 

mapping for 15 metabolism- and exercise-related traits revealed five significant loci for body 

weight, some of which overlapped with previous human studies [31]. Gene mapping of rotarod 

(exercise) performance and body weight identified 45 loci, many of them related to 

neurological disorders and obesity in humans, suggesting a link between physical activity and 

neurodegeneration [32]. A study of glucose tolerance response in the CC panel identi- fied, 

only in female mice, a genomic region comprising 51 genes. This study highlighted sex 

differences in glucose response which should be considered in human studies [33]. The CC 

panel is also a valuable and reliable resource for studying host–pathogen interactions [29]. 

For example, to map genetic modifiers affecting the severity of Pseudomonas aeruginosa lung 

infections, 39 CC lines were inoculated with this pathogen. The phenotypic variability was 

enormous, ranging from complete resistance to lethality. It is particularly relevant to study 

the resistant lines since they have the biological secrets to design novel therapies for the 

susceptible. Genomic mapping and functional validation identified dihydropyrimidine 

dehydrogenase (Dpyd) and sphingosine-1-phosphate receptor 1 (S1pr1) as modifier genes. In 

a cohort of patients with cystic fibrosis, two SNVs in the S1PR1 gene are associated with 

Pseudomonas aeruginosa infection [34], again indicating the translational relevance of 

multigenetic background studies in animal organisms. 

2.3. Heterogeneous Stock and Diversity Outbred Populations 

Both HS and DO are high-diversity outbred mice populations. The HS was established by 

breeding eight inbred strains and then outbreeding them in either a circular strategy or using 

random crosses (Figure 1) to minimize inbreeding [35]. After 50 or more generations, the HS-

generated mice were a genetic mosaic of the founders’ haplotypes [36,37]. On the other 

hand, the DO was established from partially inbred CC lines and is maintained indefinitely 

through pseudorandomized fashion non-sibling mating [38] (Figure 1). Since the DO is 

derived from the same eight founders as the CC, it presents the same allelic diversity as the CC 

strains. It can be used as a complementary tool in genetic association studies [39]. 

There are several advantages of using HS or DO mice compared to classical inbred 

mice. The outbred randomized mating increases the number of additional recombination 

sites compared to those of classically inbred mice; thus, each HS or DO mouse has a 

unique genome, which is a mosaic of the original eight founder lines, resembling human 

heterozygosity and allows high-resolution genetic mapping [39]. HS and DO mice have 

been used to finely map to intervals of 2.7 Mb [40] and less than 2 Mb [39], respectively. In 

addition, outbred animals are more vigorous and less prone to both early and late recessive 

allelic effects [41]. This genetic variability within both HS and DO populations results in 

a high degree of phenotypic variability; thus, outbred models enable the fine mapping of 

many phenotypic traits. Since the founders of CC and DO lines include wild-derived 

strains, unique behaviors can be observed compared to classical laboratory strains and 

represent a valuable tool for genetic behavior association studies [22]. A repository of 

https://www.jax.org/research-and-faculty/resources/mouse-mutant-resource/available-models
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DO QTL studies can be shared between laboratories (https://dodb.jax.org (accessed on 

22 May 2022)). Lastly, the founders of the HS and DO populations have been sequenced [42], 

reducing time and expense in locating the sequences. 

Alternatively, some considerations must be made in the case of HS and DO mice. Since 

each outbred animal is genetically and phenotypically distinct, each HS and DO mouse 

requires genotyping and haplotype reconstruction to perform each QTL analysis [38]. High- 

resolution mapping can be achieved with these panels, but analyzing many animals is 

necessary for sufficient statistical power, which is not always possible [43]. Candidate 

modifiers of wild behaviors can be identified with outbred mice. However, it is challenging to 

validate in these panels because each animal has a unique genotype, in contrast to inbred lines 

[44]. 

An interesting translational study using the DO panel identified a diagnostic biomarker 

for human tuberculosis (TB). By applying machine learning algorithms to multidimensional 

data, the authors discovered CXCL1 as a putative biomarker of TB in the serum of mice. The 

biomarker was further validated in samples derived from human patients, discriminating 

active TB from latent infection and non-TB lung disease [45]. This study highlights the 

relevance of using population-based strategies to accelerate human biomarker discovery, 

validation, and testing. 
 

3. Drosophila melanogaster as a Model Organism in Genetic Research: Advantages 
and Limitations 

In addition to mouse models, Drosophila melanogaster has attracted many scientists. 

Flies are small, easy to manipulate in the laboratory, and cheap to maintain. They have a short 

life span (2 week generation interval) and produce many offspring. Flies show com- plex 

behaviors, including sleep, aggression, addiction, and social behavior [46]. Notably, about 70% 

of human disease-associated genes have a Drosophila ortholog [47]; its genome is fully 

sequenced and well annotated. It can be genetically modified using chemical and insertional 

mutagenesis, gene-specific mutations, or editions using CRISPR [47,48]. These characteristics 

support its use as a model system to study human diseases. As expected, the use of 

Drosophila for human research has limitations; for instance, the fly does not possess 

hemoglobin [49] and, thus, cannot be used for studying human pathologies related to this 

system. 

3.1. Drosophila melanogaster Genetic Reference Panel (DGRP) 

The DGRP is a collection of 205 inbred Drosophila melanogaster strains derived from a 

single natural population. Inseminated females were collected from the farmer’s market 

in Raleigh, NC (USA), and their offspring were subjected to 20 generations of complete 

sibling mating [50] (Figure 2). The DGRP is a public resource available at the Bloomington 

Drosophila Stock Center (http://fly.bio.indiana.edu (accessed on 22 May 2022)) built for 

genomic association analyses. Currently, their genomes are available, and each line has 

minimal genetic variation [50]. Repeated measurements within each line are possible, 

enabling accuracy to increase the statistical power in GWA analyses. Since the DGRP is a 

publicly available resource, it allows different laboratories to correlate phenotypes on the 

same genotype and understand the pleiotropic effects of DNA variants and genes on 

multiple quantitative traits. Unlike the human genome, the fly genome has a structure 

with low LD between closely linked polymorphisms [51], which is favorable for accurate 

association mapping; thus, significant associated SNVs are likely causal or very near to 

a causal variant [52]. Lastly, experimentation in Drosophila has fewer ethical concerns 

compared to rodent models. 

As with all study models, there are some limitations in DGRP that should be consid- ered. 

Firstly, genetic variation between the lines is a snapshot of the population from which they 

were derived; therefore, DGRP does not represent all the possible variations of the species. 

Secondly, the 205 lines usually provide enough statistical power to detect common 
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variants with moderate to large effects [53,54], but the statistical power is still limited for rare 
variants (minor allele frequency (MAF) < 0.05) [51]. 

 

Figure 2. Generation of Drosophila melanogaster Genetic Reference Panel (DGRP) and Advanced 

Intercross Population (DGRP-AIPs). The DGRP corresponds to a sequenced panel derived from 

a natural fly population of Raleigh, NC (USA), and it was generated through 20 generations of full-

sibling mating. The AIPs lines were derived from the DGRP by round-robin crossing and were then 

remapped. 

3.2. DGRP for Mapping Physiological and Pathophysiological Traits 

The DGRP has been used for GWA mapping of many different quantitative physi- ological 

traits, including food intake and sleep behavior [55,56]. Food intake is essential to animal 

fitness, and 25 modifiers with human orthologs were found [55]. Interestingly, diversity in 

mitochondrial haplotypes can directly mediate phenotypic variation in food intake [57]. Sleep 

has been increasingly explored in recent years with this model [56]. Flies resemble 

mammalian sleep and have become an important model species for identifying sleep 

regulation mechanisms. Analogous to human sleep studies, a DGRP GWAS high- lighted 

signals in the EGFR, Wnt, Hippo, and MAPK signaling pathways, suggesting that genes 

affecting variation in this trait are conserved [58]. DGRP studies revealed the genetic 

architecture of nutrient stores (glucose, glycogen, glycerol, protein, triglycerides, and wet 

weight) [59], developmental plasticity [60], and circadian cycle [61]. 

The DGRP has been used to identify candidate modifiers of retinal degeneration [62] and 

neurodegeneration in a Parkinson’s disease (PD) model [63]. PD is a highly variable 

neurodegenerative disorder where variable manifestations range from cognitive distur- 

bances, motor alterations, and sleep and speech abnormalities to cellular pathological changes 

such as the formation of Lewy body inclusions and neuronal death [64]. The leucine-rich 

repeat kinase 2 gene G2019S mutation (LRRK2 G2019S) penetrance is incom- plete and varies 

among ethnic populations. In the Ashkenazy Jewish population, the low penetrance (26%) of 

the G2019S mutant phenotype suggests that other factors, such as the genetic background, the 

environment, and their interaction, act as modifiers of the variable phenotype [65,66]. In this 

regard, it has been reported that introducing the LRRK2 G2019S mutation in the DGRP results 

in considerable variability in the locomotor phenotype among backgrounds [63]. Gene 

mapping revealed 177 candidate modifier genes enriched in path- 

https://www.jax.org/research-and-faculty/resources/mouse-mutant-resource/available-models
https://www.jax.org/research-and-faculty/resources/mouse-mutant-resource/available-models


Int. J. Mol. Sci. 2022, 23, 7570 19 of 
14 

 

19 
 

 
 

ways involved in the neuronal outgrowth. The study suggests a link among LRRK2, neurite 
regulation, and neuronal degeneration in PD [63]. 

 

3.3. Lines Derived from DGRP and DSRP 

A limitation of the DGRP is its low statistical power [51], which motivated the de- 

velopment of DGRP-derived advanced intercross populations (AIPs). These correspond to 

lines generated by crossing parentals DGRP for many generations, which were then remapped 

[67]. By successive crossings of a subset of parentals lines, it is possible to increase the 

recombination rate and, consequently, the statistical power compared to the DGRP [52]. 

Furthermore, the extreme QTL mapping strategy in AIPs can be used to resolve the statistical 

limitations of the DGRP for rare variants (MAF < 0.05). Extreme QTL map- ping refers to 

selecting individuals from the extremes of the phenotypic distribution for a trait (resembling 

a case–control study). Flies are pooled and sequenced, which is cheaper than sequencing all 

individuals of the initial population. This allows identifying alleles that segregate 

differentially among the distribution extremes (causal variant or in LD with it) [68,69]. The 

discovery of rare variants in DGRP will occur at higher frequencies in the AIPs after an extreme 

QTL mapping strategy. 

A less applied strategy to increase the mapping power is to use DGRP and another 

panel for cross-validation, such as the Drosophila Synthetic Population Resource (DSPR). 

This collection of 1700 inbred lines is derived from 15 isogenic founder lines created from 

geographically distinct Drosophila populations [70]. However, some studies in both AIPs 

and DSPR lack overlap with candidate genes found in DGRP, probably due to the different 

genetic architecture or genetic variants between the panels. 
 

4. Saccharomyces cerevisiae as a Model Organism in Genetic Research: Advantages 
and Limitations 

Saccharomyces cerevisiae, the budding yeast, has gained prominence as a model or- 

ganism in quantitative genetics because it has several experimental and biologically ad- 

vantageous features. For example, it has a small and compact genome of approximately 

12 million bp in haploids (about one two-hundredth of the human genome). It contains 

fewer introns and a lower proportion of intergenic sequences than higher eukaryotes [71]. 

Furthermore, it is easy to cultivate and maintain in large population size in the laboratory. In 

addition, two-thirds of all yeast genes share at least one domain of significant homology 

with human genes, and about 30% of known genes involved in human diseases have yeast 

orthologs [72]. 

One of the main advantages of yeast for quantitative genetics studies is its large genetic 

map. S. cerevisiae exhibits high meiotic recombination rates, with an average of about 90 

crossovers per meiosis, allowing precise quantitative phenotyping [71,73,74]. The 

homologous recombination in yeast is highly efficient, facilitating the deletion of sequences 

or genes in vivo [72,75]. This efficient recombination permitted the generation of the first 

complete deletion mutant strain collection using gene replacement with the G418 resistance 

gene (KanMX) cassette in the reference S. cerevisiae strain [76]. Since then, similar panels 

have been available in different genetic backgrounds, demonstrating the high degree of 

genetic background dependencies for different phenotypes [77,78]. Yeasts have less genetic 

complexity than flies and rodents. Thus, it is easier to study the effect of a single gene because 

of the reduced genetic redundancy [79]. 

4.1. Analysis of Segregating Populations from Pairwise Crosses 

QTL mapping in yeast has been the primary approach to uncovering genetic variants 

responsible for phenotypic differences between genetic backgrounds. Identifying QTLs 

has been achieved by analyzing segregating populations from pairwise crosses, mainly 

through linkage or bulk segregant analysis (BSA) [80,81]. Linkage mapping in yeast 

involves mating two or more haploid parental strains that show phenotypic variation and 

then phenotyping and genotyping a panel of recombinant offspring obtained from 
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these crosses. Recombination breaks allow causal loci to segregate with the phenotype 

of interest, and QTLs are identified using statistical tests [80,82]. The BSA also involves 

crossing two or more parental strains and subsequent phenotyping of their recombinant 

offspring [83]. However, the BSA method uses selective genotyping of subsets of segregants, 

commonly the extremes of the phenotypic distribution [84]. Typically, segregants undergo 

selective environmental pressure, where large pools are constructed. One expresses the trait 

of interest (selected pool), and others are not selected (control pool) or exhibit the opposite 

phenotype. After genotyping each marker, genetic regions of allelic enrichment are 

predicted as QTLs that contribute to the attribute of interest [85]. These approaches from 

pairwise crosses have been successfully applied to map yeast genetic variation responsible 

for nitrogen utilization [86], metabolic fluxes, ethanol tolerance [87], and high-temperature 

fermentation [88]. 

Most crosses constructed in yeast have involved the reference laboratory strain S288c or 

its derivatives crossed against a wild or fermentative isolate [89]. However, these strains only 

harbor a small fraction of the phenotypic variation of natural populations and have mosaic 

genomes of the founder strains [84,90]. Therefore, studies using biparental crosses provide a 

poor understanding of the relationship between the genetic background and the QTLs. These 

studies lack resolution since few generations are used; consequently, they are unable to reveal 

the complete architecture of polygenic traits. Moreover, laboratory strains often contain 

artificial auxotrophic markers that confound mapping experiments [91]. Investigators have 

recently established advanced-generation multi-parent populations (MPPs) in yeast to 

overcome these problems (Figure 3). 

 

Figure 3. Cross design of SGRP-4X and 18F12 mapping populations. Haploid founder strains used 

for generations of these populations are indicated in the right box. Ax and Bx indicate the Mat a and 

Mat α haploid founder strains, respectively. 
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4.2. Multi-Parent Populations (MPPs) 

Yeast MPPs comprise large populations with thousands to millions of individuals 

obtained from two main steps. Firstly, several (inbred or isogenic) founder strains from var- 

ious geographical origins are crossed, and then the intercross of the resulting population is 

subsequentially crossed for several generations [81]. Large segregating populations are then 

used for mapping QTLs. The first MPP in yeast was established by Cubillos et al. [92] by 

crossing four strains representative of the main S. cerevisiae lineages (Y12 strain as represen- 

tative of the SA lineage, YPS128 of the NA lineage, DBVPG6044 of the WA, and DBVPG6765 of 

the WE lineage) for 12 generations. The SGRP-4X contains 165 sequenced segregants, 

representing recombined genetic mosaics of the founder strains. Later, Linder et al. [93] 

extended this approach and created 18F12v1 and 18F12v2, two outbred MPPs derived from 

a cross of 18 genetically diverse founder strains, with each strain derived from the SGRP 

collection [84,92,93]. 

MPPs in yeast are robust mapping resources due to multiple founders and rounds 

of recombination in many individuals that increase both the genetic and the phenotypic 

diversity, as well as the linkage block resolution of the QTL mapping compared to biparental 

F1 or F2 populations. In fact, in yeast, it has been shown that only a few rounds of meiosis are 

sufficient to obtain spaced near-genic resolution [94]. Association mapping in MPPs provides 

more equilibrated allelic frequencies than biparental populations, increasing knowledge 

about the population structure [95]. Integration of this information in the QTL analysis can 

reduce the probability of obtaining false-positive results, thus demonstrating yeast as an 

accurate model system to identify dozens to hundreds of genes underlying phenotypes of 

interest. 

4.3. Genome-Wide Association Studies (GWAS) in S. cerevisiae 

GWAS utilizes the variation in large populations of unrelated individuals to provide 

insights into the causes of common complex traits. However, in 2012, only 36 S. cerevisiae 

genomes were available from the Saccharomyces Genome Resequencing Project, hampering 

GWAS studies in yeast. This situation motivated the development of a project to describe 

whole-genome sequence variation in numerous yeast populations (http://1002genomes.u- 

strasbg.fr/ (accessed on 22 May 2022)). Today, more than 2000 genomes isolated from a wide 

range of locations (including Australia, Europe, Russia, Vietnam, and South Africa) are 

available [96]. Thus, investigators can conduct GWAS in this model organism [97]. 

The success of GWAS in S. cerevisiae is a result of high diversity among natural isolates 

relative to humans [96], low linkage disequilibrium (extended in an average half-life 

of <3 kb) [98], and relatively simple quantification of phenotypes in hundreds to thousands of 

individuals. However, GWAS in yeast is affected by a large population structure [84,98], 

leading to limited statistical power and spurious associations. The increment in the number 

of genotyped individuals is comparable to other model organisms enabling GWAS to describe 

copy number variants (CNV) as having a more significant phenotypic effect than SNV in yeast 

and laying the foundation for GWAS in the species [99]. 

Many of the phenotypes addressed in yeast are directly related to the cell-autonomous 

features of human diseases, including neurological conditions such as Parkinson’s dis- 

ease [100]. Thus far, most of the disease genome-wide screenings in S. cerevisiae have deleted 

one gene at a time. To our knowledge, the genomic variability of yeast isolates is starting to 

be used for modeling human phenotypic variabilities. In the field of longevity and 

environment, a study in which 58 natural yeast strains were used led to identifying RIM15 

and SER1 as longevity genes under caloric restrictions [101]. 

In the future, we expect to observe increased research using panels of organisms, 

where a combination of variants can be identified. This technique could be feasible in the 

short term for diseases that can be mimicked pharmacologically and in the medium term 

for disorders that can be reproduced genetically. 
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5. Practical Considerations and Concluding Remarks 

Each of the discussed organisms and panels has advantages and disadvantages for 

human translational research. In addition to the already mentioned ones, researchers should 

consider practical factors for deciding the best model for each project. Some relevant factors 

are presented in Table 1. 

 
Table 1. Practical considerations for choosing model organisms and their panels. The references are 

shown in brackets. When deciding the best model for a project, variables such as the percentage of 

homolog genes to human disease-causing genes, costs, and the possibility of automatization should 

be considered. 
 

Mus musculus Drosophila melanogaster Saccharomyces cerevisiae 
 

Genome size (kb) 2,725,521 [102] 180,000 [103] 12,070 [104] 
Percentage of homolog genes to human 

disease-causing genes 
99 [105] 70 [47,106] 60 [107] 

Costs to keep the panels High Medium Very low 
Complex behaviors  Yes  Yes  No 

Discovery of cell-autonomous processes Yes Yes Yes 
Speed for throughput screenings and 

automatization of measurements 
Slow Fast Very fast 

 
 

 

In conclusion, the consequences of a genetic mutation can be strongly modified by the 

biological background in which it operates. For example, a loss-of-function mutation may 

be well tolerated in one genetic context and lethal in another. The most resistant individuals 

have the biological secrets useful for developing therapies for the most susceptible ones. 

Human studies are challenging; they can take a long time due to the recruitment of large 

cohorts, and genomic sequencing is expensive. Instead, modeling diseases in already 

sequenced panels of diverse model organisms followed by gene mapping and validation in 

smaller human cohorts can speed up translational research and precision medicine for both 

common and rare diseases. 
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A B S T R A C T 
 

The acid β-glucocerebrosidase (GCase) enzyme cleaves glucosylceramide into glucose and ceramide. Loss of 

function variants in the gene encoding for GCase can lead to Gaucher disease and Parkinson’s disease. Thera- peutic 

strategies aimed at increasing GCase activity by targeting a modulating factor are attractive and poorly explored. To 

identify genetic modifiers, we measured hepatic GCase activity in 27 inbred mouse strains. A genome-wide 

association study (GWAS) using GCase activity as a trait identified several candidate modifier 

genes, including Dmrtc2 and Arhgef1 (p=2.1x10-7), and Grik5 (p=2.1x10-7). Bayesian integration of the gene 

mapping with transcriptomics was used to build integrative networks. The analysis uncovered additional 

candidate GCase regulators, highlighting modules of the acute phase response (p=1.01x10-8), acute inflam- matory 

response (p=1.01x10-8), fatty acid beta-oxidation (p=7.43x10-5), among others. Our study revealed previously 

unknown candidate modulators of GCase activity, which may facilitate the design of therapies for 

diseases with GCase dysfunction. 
 

 

 

 
1. Introduction 

 
Hydrolytic enzymes are abundant in the lysosome; more than 60 acidic 

hydrolases have been described to date [1]. In addition to its digestive and 

recycling functions, the lysosome orchestrates metabolic adaptations to 

external cues [2]. The acidic lysosomal β-glucocere- brosidase (GCase) 

enzyme degrades glucosylceramide into glucose and ceramide [3]. GCase 

is encoded by the GBA1 gene. Loss-of-function variants in this gene cause 

the rare lysosomal storage disorder Gaucher disease (GD) [4]. GBA1 

variants also significantly increase the risk of developing Parkinsonism and 

Parkinson’s disease (PD) [5]. In addition to other mechanistic data, this 

observation highlights the role of lysosomal dysfunction as a risk factor 

for PD [6]. Therefore, an exogenous increase of GCase activity and other 

related enzymes is an attractive therapeutic strategy that has not yet been 

thoroughly explored. 

Although treatments for Gaucher disease are available, they have 

 
clinical limitations [7]. Studying how GCase is modulated can allow us 

to i) learn about its regulation and possibly ii) develop new targeted 

therapies to treat these diseases which diseases be more specific. One 

attractive approach to identify new therapeutic targets to modulate 

GCase is to use the natural genetic diversity present in populations of 

individuals (i.e., model organisms) to identify genetic modifiers that control 

a given trait [8]. By integrating gene mapping with other sets of 

-omics, it is possible to find regulatory elements underlying the variation in 

a given trait [9]. This holistic population-based approach is called systems 

genetics [10]. 

Inbred mouse strains arise from crossing siblings for at least 20 

generations [11]. The Hybrid Mouse Diversity Panel (HMDP) [8] cor- 

responds to a panel of genotyped inbred strains where other -omics data are 

also available [8,12]. The HMDP panel has been used to perform 

association studies and find modifier genes for a variety of complex 

traits [13,14]. 

Here, we used a systems genetics approach to identify putative 
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modifier genes/networks of GCase activity in mice. To this end, we 

measured hepatic GCase activity in 27 strains of mice. A genome-wide 

association (GWAS) analysis identified putative modifier genes. We 

used Mergeomics analysis to integrate GCase activity, gene mapping, 

and available liver transcriptomic data. Our study revealed genes, net- 

works, and biological processes that might regulate GCase function. 

 
2. Materials and methods 

 
2.1. Mouse tissues 

 
We used 8 weeks-old mice livers derived from 27 inbred mouse strains 

which were kindly donated by Dr. Aldons Lusis (University of California, 

Los Angeles). (i) 129X1/SvJ (n=5), (ii) A/J (n=5), (iii) AKR/ J (n=5), (iv) 

BALB/cJ (n=5), (v) BTBR T<+> tf/J (n=5), (vi) BUB/BnJ 

(n=3), (vii) C3H/HeJ (n=3), (viii) C57BL/6J (n=5), (ix) C58/J (n=5), 

(x) CAST/EiJ (n=3), (xi) CBA/J (n=5), (xii) CE/J (n=5), (xiii) DBA/2J 

(n=5), (xiv) FVB/NJ (n=3), (xv) KK/HlJ (n=3), (xvi) LG/J (n=4), (xvii) 

LP/J (n=3), (xviii) MA/MyJ (n=3), (xix) NOD/ShiLtJ (n=5), (xx) NON/ 

ShiLtJ (n=5), (xxi) NZB/BlNJ (n=5), (xxii) NZW/LacJ (n=5), xxiii) PL/J 

(n=5), xxiv) RIIIS/J (n=3), xxv) SEA/GnJ (n=5), xxvi) SM/J (n=5), 

xxvii) SWR/J (n=5). Tissues were homogenized and adjusted to 50 mg 

tissue/ml in H2O, with a Potter-Elvehjem tissue homogenizer (Omni 

International, USA) and then stored at -80 ◦C until further use. This 

liver was selected because of its high relevance in the generation of 

pathophysiological phenotypes in GD [4]. 

 
2.2. GCase activity assays 

 
GCase activity was determined using an artificial fluorescent sub- 

strate based on 4-methylumbelliferone (4-MU) [15]. For this purpose, 

liver homogenates were diluted 1/10 with GCase buffer (200 mM 

citrate-phosphate buffer, pH 5.2, containing 0.25% Triton X-100, 1.25 

mM EDTA, 4 mM 2-mercaptoethanol, all these reagents from Calbio- 

chem, Merck KGaA, Darmstadt, Germany). Three cycles of freezing and 

thawing with liquid nitrogen were performed to disrupt the cell mem- 

branes. Subsequently, 10 μl of the diluted homogenates (5 μg of total 

protein from each sample) were mixed with and without 10 μl of 0.3 mM 

N-butyldeoxydeoxynojirimycin (NB-DGJ) for 30 min on ice. NB-DGJ is a 

β-glucocerebrosidase 2 (GBA2; non-lysosomal enzyme) inhibitor that 

does not inhibit GCase [16] (Toronto Research Chemicals, North York, 

Ontario, Canada). Thereafter, the tubes were placed in a 37 ◦C water 

bath, and 40 μl of the substrate 4-methylumbellifer- 

yl-β-D-glucopyranoside (4.5 mM 4-MU-β-D-Glc in GCase buffer) (Sigma, 

Dorset, England) was added. The reaction was stopped after 30 min of 

incubation by the addition of 400 μl cold 0.5 M Na2CO3 at pH 10.7 

(Panreac Applichem, Barcelona, Spain). Fluorescence was measured at 

340 nm excitation and 460 nm emission with a gain of 40 in a semi- 

automated plate reader (Synergy HT, BioTek, Winooski, USA). Fluo- 

rescence values were normalized to protein content in each sample as 

obtained by a BSA assay (Pierce BCA Protein Assay Kit; Thermo Fisher 

Scientific, Illinois, USA). To calculate GCase specific activity, a 4-MU 

standard curve was constructed, and the final value was adjusted to 1 

h of enzymatic reaction. For each biological sample, at least three 

technical replicates were performed. 

 
2.3. Phylogenetic tree and GWAS using an efficient mixed model 

association (EMMA) 

 
We used the average GCase activity per mouse strain as a phenotype to 

perform the GWAS using an Efficient Mixed Model Association Study 

(EMMA v.1.1.2) [17]. In addition, we included in the analysis the mouse 

HapMap reference panel, consisting of 4 million SNVs downloaded from 

http://mouse.cs.ucla.edu/mousehapmap/full.html [18]. The R package for 

EMMA was downloaded from http://mouse.cs.ucla.edu/emma/ [19]. P-

value was recorded as the strength of the genotype-phenotype 

associations. To build to phylogenetic tree we used the EMMA uses a 

kinship matrix to run hierarchical clustering using R [19]. 

 
2.4. Gene expression array 

 
The hepatic transcript levels of inbred mouse strains were down- loaded 

from the repository GSE16780 UCLA Mouse MDP Liver Affy HT M430A 

MDP Liver [20]. If there was more than one probe quantifying the same 

gene, the values were averaged. 

 
2.5. Functional impact of gene variants 

 
We downloaded the genomes of three strains with low and high GCase 

activity respectively (CBA/J, A/J, FVB/NJ, CAST/EiJ, BUB/BnJ, and 

C58/J) from the Mouse Phenome Database (MPD) (RRID: SCR_003212) 

of Jackson Laboratory (https://phenome.jax.org/) and Mouse Genomes 

Project of Sanger Institute [21]. The Impact of variants was assessed using 

SIFT (sorting intolerant from tolerant) [22] and SnpEff [23]. 

 
2.6. Integrative networks of genomic and transcriptomic data 

 
To study how genomic and liver transcriptomic variation contributes to 

hepatic GCase activity variability in the 27 HMDP strains, we employed 

Mergeomics v1.18 [24]. To build Bayesian networks of inte- grative omics 

underlying GCase activity, two modules of Mergeomics are required: a) 

marker set enrichment analysis (MSEA) and b) weighted key driver analysis 

(wKDA). MSEA requires the following data inputs: 1) EMMA GWAS 

results: i) marker-GCase activity association (marker-- value) and ii) gene-

marker mapping file (gene-marker); 2) functionally related gene sets 

(module-gene), which are preloaded in Mergeomics. These results are 

integrated through the package algorithm to find sets of genes associated 

with GCase activity. The parameter settings of the MSEA module included: 

i) type of permutation at the gene level. ii) minimum (10) and maximum 

(500) number of genes in the sets. iii) the 

minimum and maximum overlap ratio between sets of genes associated with 

disease/trait = 0.33 (33% overlap). iv) the number of gene or marker 

permutations = 2000 and finally v) the MSEA FDR cutoff was 

≤25% [25], this analysis calculates the Benjamini-Hochberg FDR [26]. 
To identify key driver (KD) genes, which are defined as the gene hubs 

most significantly associated with other genes in the network, we used 

wKDA [24]. The wKDA module takes input data from the MSEA results 

generated in the previous step and a defined liver tissue Bayesian 

network corresponding to human and rodent expression datasets of 

earlier studies [27]. The parameters for running wKDA included i) 

Search depth of wKDA = 1, which means that we search for key-drivers 

whose immediate neighborhood is enriched for MSEA significant genes, 

ii) the edge type of wKDA = incoming and outgoing directionality, iii) the 

minimum overlap, is the threshold above which hubs will be designated as 

co-hubs, of wKDA = 0.33, and iv) the edge factor of wKDA 

= 0.5, which means an unweight network. This module projected sets of genes 

associated with liver GCase activity onto a Bayesian liver network, 

representing seemingly causal relationships between genes and KD 

genes [27]. We ran both Mergeomics modules in the R package [19]. 

 
2.7. Gene ontology enrichment 

 
ShinyGO v0.61 [28], for gene ontology (GO) enrichment analysis for 

network modules, was employed. This tool has annotations for model 

organisms. The chromosomal gene location, metabolic pathways, gene 

clustering, and protein interaction networks can be plotted [28]. 

 
2.8. Statistics 

 
Prism v9.1.0 (GraphPad software, San Diego, CA) and the R package 

[19] was used for statistical analysis and included a two-tailed Student’s 

http://mouse.cs.ucla.edu/mousehapmap/full.html
http://mouse.cs.ucla.edu/emma/
https://phenome.jax.org/
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t-test and ANOVA with Bonferroni test. Pearson for correlation analyses 

was employed. The significant value was considered as p < 0.05. 

 
3. Results 

 
3.1. Liver GCase activity varies among mouse strains 

 
We measured hepatic GCase activity by fluorimetry in the liver of 27 

inbred mice strains with different phylogenetic origins (Fig. 1A) using an 

artificial substrate 4-MU-β-D-Glc. We observe significant variability in 

the average enzymatic activity between the different strains (Fig. 1B). This 

activity was higher in the BUB/BnJ and C58/J strains (p < 0.001; mean ± 

95%confidence interval; 39.3 ± 25.0–53.5 and 40.1 ± 

29.57–50.6 respectively) compared to MA/MyJ and CBA/J (20.7 ± 

10.3–31.2 and 23.8 ± 16.8–30.7 respectively). 

 
 

3.2. GWAS identified putative modifier genes of GCase activity 

 
To uncover possible modifier genes, we performed a GWAS analysis 

with EMMA. EMMA is a statistical test that corrects the strains’ popu- 

lation structure and genetic relatedness. EMMA applies a mixed models for 

association mapping, allowing to substantially increase the compu- tational 

speed and reliability of the results by reducing false positives associations 

[17]. We found 271 significant Single Nucleotide Variants 

(SNVs) p ≤ 4.1x10-6 that exceeded the threshold of suggestive associ- 

ations previously established [17], represented in 9 non-redundant genes 
(Table S1 and Fig. 2A). Among all the variants identified, we 

found an exonic variant in the Myo6 gene, one in the 3′UTR region of 

Dmrtc2 and Arhgef1, among others (Table S1). Then, we organized the 

strains by GCase activity and plotted the genotypes of the top associated 

markers. The strains with low and intermediate activities present a different 

distribution pattern than those with high GCase activity (Fig. 2B). 

Strains AKR/J and PL/J showed a different distribution pattern. Perhaps 

in these two strains, spontaneous mutations arose in some of their 

generations after genotyping, as described for C3H/HeN, 

BL6, BALBc, and FVB [29]. A suggestive association threshold (blue line) 

(Fig. 2A) p ≤ 4.1x10-6 was calculated in Ref. [17] and ii) a Bonfer- roni 

correction, which resulted in a much stricter p-value of 1.28x10-8, 

denoted by the red line in Fig. 2A. Interestingly we observed variants at 

different genomic locations with a genotype-phenotype association that 

exceeds the empirical p-value (Fig. 2A &B). 

3.3. Associations between hepatic transcripts levels and GCase enzyme 

activity 

 
The significant SNVs in a GWAS can be regulators of gene expression 

levels. Thus, we performed correlation studies between GCase activity and 

liver transcripts levels. To this end, we downloaded the hepatic gene 

expression array data from an online repository (GSE16780 UCLA Mouse 

MDP Liver Affy HT M430A) [20]. The array included the probes for seven 

of the nine identified genes. Associations were explored (Fig. S1). No 

significant correlations were found. The array data that we used did not 

include probes for Spag16 and Dmrtc2 genes. Therefore, it was not possible 

to test correlations with these two genes. For Erbb4 and 

Zic4 we observed a trend (p=0.07). The signals in a Manhattan plot can be 

labeling coding or other no coding genomic variability. To explore 

this possibility, we downloaded the genomes of three low (CBA/J, A/J, and 

FVB/NJ) and three high (CAST/EiJ, BUB/BnJ, and C58/J) GCase activity 

strains from the Mouse Genomes Project of Sanger Institute [21]. We 

identified predicted splice and or miss sense variants in Grik5, Impg1, 

Myo6, and Spag16 (Fig. 2C). To assess the implications of miss sense 

variants we used SIFT (sorting intolerant from tolerant) [22] and SnpEff 

[23]. 

 
3.4. Identification of modules, key drivers, and pathways associated with 

GCase activity 

 
EMMA/GWAS results were used to identify modules and key driver 

genes within the coexpression network re-constructed for mouse/human 

liver, using Mergeomics v1.18. We used 20 pre-defined mouse gene sets 

[24] and FDR <25%. The MSEA module of Mergeomics highlighted 

modules which correspond to mouse liver expression data converted to 

human gene symbols (Table S2). The wKDA identified 4 top key drivers 

(Itih4, Hsd3b5, Ocel1, Pigt) and 18 total network hubs (Fig. 3A, Table S2). 

We included the significant correlations between GCase activity, and the 

transcripts identified in the network (Fig. 3B), and of the driver genes (Fig. 

S2). Gene sets obtained from the MSEA analysis were used to 

perform a GO term enrichment analysis. Significantly enriched path- ways 

included acute-phase response (p=1.01x10-8), acute inflamma- tory 

response (p=1.01x10-8), fatty acid beta-oxidation (p=7.43x10-5), fatty 

acid catabolic process (p=8.99x10-4), cellular lipid catabolic process 

(p=3x10-3), ion transport (p=3x10-2), cell surface receptor signaling 

pathway (p=4x10-2), among others associated with biological processes 

(Fig. 4A). Cellular component analysis highlighted blood 

 
Fig. 1. Variation in the hepatic GCase ac- 

tivity among inbred mouse strains. 

(A) Hierarchical clustering of the genetic 

distance among the 27 used strains, based on 

EMMA’s kinship calculation 

(B) Levels of GCase activity in the liver of 27 

mouse inbred strains. Values are presented 

as mean ± standard error (n=5 biological 

sample with three technical replicates). 

ANOVA analysis revealed significant differ- 

ences among the groups (p=0.0028).
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Fig. 2. GWAS identifies putative modifiers of hepatic GCase activity. 

(A) Manhattan plot highlights the top associated GCaase activity genes plotted as 

chromosome position versus the inverse of the negative logarithm of the 

association p-value. 

(B) Strains were organized according to GCase enzymatic activity, from lowest to 

highest, and the genotype of the peak associated SNV and genomic regions are 

shown. Adenine (A), purple; cytosine (C), blue; guanine (G), green; thymine (T), 

yellow; Chr, chromosome. 

(C) Miss sense and coding variants in the top associated genes in three strains with 

low GCase activity and three high activity levels. Same color code than in 

(B) was used. The effect of the variant, Amino Acid (AA) change, and SIFT 

prediction were plotted. (For interpretation of the references to color in this figure 

legend, the reader is referred to the Web version of this article.) 

 
microparticle (p=6x10-2), early endosome (p=4x10-1), protein-lipid 

complex (p=4x10-1), organelle lumen (p=4x10-1) and others (Fig. 

4B). Molecular function revealed fatty-acyl-CoA binding (p=1x10-2), 

anion-sodium symporter activity (p=1x10-2), among others (Fig. 4C). 

 
4. Discussion 

 
Our goal was to identify putative modifier genes/networks of hepatic 

GCase activity using a system genetics strategy. Identifying modulable 

genetic modifiers of GCase activity offers a feasible and attractive 

therapeutic alternative for diseases with lysosomal dysfunction, bringing 

us closer to a precision medicine-based approach. 

Our study associated 271 SNVs (Table S1) within nine genes (Dmrtc2, 

Arhgef1, Grik5, Impg1, Myo6, Zic4, Ikzf2, Erbb4, Spag16) to liver GCase 

activity (Fig. 2A & B), and four key drivers (Itih4, Hsd3b5, Ocel1, Pigt) 

(Fig. 3A-D, Table S3). We found no literature linking these newly asso- 

ciated genes to the GCase enzyme directly. However, the identified 

genes are associated with several human diseases: Grik5 to bipolar dis- 

order [30]; Erbb4 to schizophrenia [31]; and melanoma [32]; Myo6 to 

deafness [33]; Arhgef1 to primary Immunodeficiencies [34]; Impg1 to 

Fig. 3. Integrative network of GCase activity. The gene hubs of the network are 

represented with diamonds and Key Driver (KD) genes by yellow diamonds. Gene 

modules are indicated with a different color. Non-member genes are expressed in 

grey. Red edges show the multiple interactions of KD with other genes. 

(A) Itih4; Inter-Alpha-Trypsin Inhibitor Heavy Chain 4. 

(B) Hsd3b5; hydroxy-delta-5-steroid dehydrogenase, 3 beta- and steroid delta- 

isomerase 5. 

(C) Ocel1; Occludin/ELL Domain Containing 1. 

(D) Pigt; Phosphatidylinositol Glycan Anchor Biosynthesis Class T. (For inter- 

pretation of the references to color in this figure legend, the reader is referred to 

the Web version of this article.) 

 
vitelliform macular dystrophies [35] and Zic4 to Dandy-Walker mal- 

formation [36]. A connection between these disorders and GCase ac- tivity 

should be therefore be explored. 

In addition, the integrative networks identified additional putative 

regulators of GCase activity. The KD genes have been linked to different 

functions: Itih4 to inflammatory responses [37] and liver development and 

regeneration [38]. Hsd3b5 to steroid hormones biosynthesis [39], Ocel1 to 

cancer prognosis [40] and Pigt to glycosylphosphatidylinositol transfer 

(GPI) proteins [41]. Alterations in these functions have been reported in GD 

patients, such as i) lymphoid neoplasms [42]; ii) gam- mopathies [43]; iii) 

predisposition to infections [44]; iv) immune system dysregulation [45]. 

Widespread inflammation has been studied in depth in GD. Foamy GD 

macrophages, known as Gaucher cells, release in- flammatory molecules 

including IL1β, TNF-α, MCP-1 and IL-6, [46-48]. Our results support a 

role for GCase in the immune response and or this inflammatory pathway(s) 

can regulate GCase activity. 

Our study has some limitations, i) we used public data from a liver 

expression array of HMDP strains instead of RNAseq. The array has limited 

probes to capture the transcriptomic landscape of the tissue. Thus, we 

cannot infer the eventual roles of other genes, different iso- forms, splice 

variants, and genes with a low level of expression [49]. ii) we used liver 

homogenates. Several cell types make up the liver, and each cell 

subgroup could have specific contributions to the variability of 
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Fig. 4. Identification of enriched GO terms associated with the modules of GCase 

activity. (A) Biological process. (B) Cellular component. (C) Molecu- lar 

function. 

 
the phenotype studied [49–52]. 

In conclusion, our study has revealed candidate modulators of GCase 

activity. Further functional analyses are required to understand how the 

identified genes regulate GCase activity in hepatic cells. The newly 

identified targets might be relevant for designing therapies for patients with 

GCase dysfunction, such as Gaucher and Parkinson’s disease. 
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Abstract: Identification of genetic modulators of lysosomal enzyme activities and glycosphingolipids 

(GSLs) may facilitate the development of therapeutics for diseases in which they participate, including 

Lysosomal Storage Disorders (LSDs). To this end, we used a systems genetics approach: we measured 

11 hepatic lysosomal enzymes and many of their natural substrates (GSLs), followed by modifier 

gene mapping by GWAS and transcriptomics associations in a panel of inbred strains. Unexpectedly, 

most GSLs showed no association between their levels and the enzyme activity that catabolizes them. 

Genomic mapping identified 30 shared predicted modifier genes between the enzymes and GSLs, 

which are clustered in three pathways and are associated with other diseases. Surprisingly, they are 

regulated by ten common transcription factors, and their majority by miRNA-340p. In conclusion, 

we have identified novel regulators of GSL metabolism, which may serve as therapeutic targets for 

LSDs and may suggest the involvement of GSL metabolism in other pathologies. 
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1. Introduction 

Hydrolytic enzymes are abundant in lysosomes [1]. In a healthy cell, the biosynthesis and 

catabolism of macromolecules are subject to regulatory mechanisms that maintain cellular 

homeostasis [2]. The degradative processes in lysosomes are controlled by their own 

enzymes [3,4]. Lysosomes play a central role in several biological processes, including energy 

metabolism, signaling, plasma membrane repair, secretion, and others [3]. Loss-of- function 

variants in genes encoding lysosomal proteins cause lysosomal storage disorders (LSDs), a 

group of diseases characterized by intracellular buildup of partially degraded material [5]. 

Growing evidence suggests that variants in lysosomal genes increase the risk of developing 

Parkinson’s disease (PD) [6,7]. 

In the sphingolipidoses, a subset of LSDs, glycosphingolipids (GSLs) accumulate in 

late endocytic organelles (late endosomes/lysosomes) and participate in their pathological 

cascades [8]. Current treatments for LSDs include substrate reduction therapy (SRT), 

which aims to reduce the rate of biosynthesis of stored substrates [5,9,10], and enzyme 

replacement therapies (ERT) aimed at replacing a deficient enzyme [11,12]. Emerging 

treatments include gene and cell therapies [13–15] and chaperones for improving enzyme 

folding and trafficking [16]. Although there is a range of therapeutic options for LSDs, 
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they have limitations, such as tissue accessibility [17], antibody-mediated reaction [18], cost 

[19], and others. So far, therapies aimed at increasing enzyme activity or reducing lipid levels 

by modulating a second (modifier) gene have not been studied. In this context, a deeper 

understanding of the regulatory mechanisms that govern GSLs metabolism must be 

uncovered to fully develop this approximation. 

Genome-wide association studies (GWAS) in humans and systems genetics strategies, 

which include gene mapping in model organisms, have identified genetic regulators of 

physiological and pathophysiological processes [20–22]. The Hybrid Mouse Diversity Panel 

(HMDP) has been a useful tool because genomes and tissue transcriptomes are freely 

available, allowing the combination of modifier gene mapping by GWAS and pathway analysis 

[23,24]. In this study, we have analyzed the activities of 11 lysosomal enzymes and several 

of their natural substrates in 25 strains of the HMDP panel followed by gene mapping and 

transcript integration. We identified a lack of correlation between most enzyme activities and 

their mRNA levels. Similarly, most substrates had no association between their levels and the 

enzyme activity that catabolizes them. Finally, we mapped pu- tative modifier genes of each 

lysosomal enzyme and GSL by GWAS. We found associations between the mRNA levels of 

many modifier genes and enzyme activities or GSL levels. We clustered the putative 

modifiers in pathways and identified common and uncommon genetic regulators between 

GSLs and lysosomal enzymes, including transcription factors that regulate them. Our 

discoveries may help develop novel therapeutics for diseases with altered lysosomal enzyme 

activities and GSLs. 

2. Results 

2.1. High Variability in the Hepatic Activity of Lysosomal Enzymes across Mouse Strains 

We measured hepatic enzyme activity of β-hexosaminidase A and B (defective in 

Tay-Sachs and Sandhoff disease, respectively), α-neuraminidase (defective in Sialido- 

sis/Mucolipidosis Type I), α-galactosidase A and B (defective in Fabry and Schindler 

disease), β-D-galactosidase (defective in GM1 Gangliosidosis), α-glucosidase (defective 

in Pompe), chitotriosidase (elevated in Gaucher disease), α-L-fucosidase (defective in 

fucosidosis), lysosomal acid phosphatase (elevated in patients with Gaucher), and Tartrate- 

resistant acid phosphatase (TRAP; altered in Gaucher disease) by fluorimetry in liver 

samples derived from 25 inbred mice strains using 4-methylumbelliferone (4-MU) based 

artificial substrates. We observed significant variability in the average enzymatic activity 

between the different strains (ANOVA p ≤ 0.05) (Figure 1). We did not find changes in 

α-galactosidase A, lysosomal acid phosphatase, and TRAP activities across the tissues 

analyzed (Figure 1d,j,k). We observed unique activity distribution patterns across the 

strains for the other enzymes, suggesting specific modifiers for each enzyme. 
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Figure 1. Hepatic variation in lysosomal enzyme activities across inbred strains. Enzyme activity are 

expressed as nmol/mg/hour. (a) Distribution of β-Hexosaminidase A. (b) β-Hexosaminidase B. (c) α- 

Neuraminidase. (d) α-galactosidase A. (e) α-galactosidase B. (f) β-D-galactosidase. (g) α-Glucosidase. 

(h) Chitotriosidase. (i) α-L-Fucosidase. (j) Lysosomal acid phosphatase. (k) Tartrate-resistant acid 

phosphatase, activity in the liver of 25 mouse inbred strains. Values are presented as median 

(n = 3–5 per strain). 

2.2. Lack of Correlation between the Enzyme Activity and Its mRNA Levels 

Advantages of using tissues derived from the HMDP panel of inbred mouse strains 

include the fact that their genomes are sequenced, and transcriptomic data are avail- 

able. Thus, we analyzed potential correlations between the genes encoding lysosomal 

enzymes and their activities. Recently we described the natural variation of hepatic acid 

β-glucocerebrosidase levels across many different mouse strains and included them in this 

analysis [20]. We did not identify significant correlations between enzyme activity and 
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its transcript levels (Figure 2), with the only exception being Glb1, the gene encoding for 

β-D-galactosidase (r = 0.5775; p ≤ 0.002) (Figure 2c). These results indicate that mRNA 

levels are a poor proxy for enzyme activities. 
 
 

Figure 2. Correlation between expression levels and enzymatic activity in liver of mouse inbred strains. 

Each dot represents a mouse strain. (a) β-Hexosaminidase A. (b) β-Hexosaminidase B. (c) β- D-

galactosidase. (d) α-galactosidase A. (e) α-galactosidase B. (f) α-Glucosidase. (g) α-L-Fucosidase. 

(h) Acid-β-glucosidase. (i) Lysosomal acid phosphatase. (j) Tartrate-resistant acid phosphatase. 

The Pearson’s correlation was performed using 23 strains of mice. Enzyme activities are expressed 

as nmol/mg/hour and mRNA levels, which were downloaded from repository GSE16780 UCLA 

Hybrid MDP Liver Affy HT M430A [24] are expressed as log2 transformed. r, correlation; p, p-value. 

2.3. High Variability in the Hepatic Glycosphingolipid Levels across Mouse Strains 

Next, we measured the levels of GSLs in livers of the inbred mice strains in which we had 

access to enough material for three biological replicates (23/25) by Normal Phase-High- 

Performance Liquid Chromatography (NP-HPLC). We observed significant variability 

in GSLs among the strains, especially in total GSLs, GM3-Gc, GM2-Gc, GM1agc, GM3, 
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Gb3, GM1a, GM1b, GD1b, and GD1a (Figure 3). For example, the levels of GM3-Gc were 

significantly increased (ANOVA p < 0.0001) in NOD/ShiLtJ compared with the other 

samples (Figure 3b). These results indicate that GSLs levels vary across strains. 
 
 

 

Figure 3. Variation of glycosphingolipids (GSLs) levels in liver of mouse inbred strains. Distribution 

of glycosphingolipids levels expressed as nmol/mg protein; (a) total GSLs (GM3-Gc + GM2-Gc + 

GM1agc + GA2 + GM3 + LacCer + Gb3 + GM1a + GM1b + GD1b + GD1a) levels. (b) GM3-Gc. 

(c) GM2-Gc. (d) GM1agc. (e) GA2. (f) GM3. (g) LacCer (Lac). (h) Gb3. (i) GM1a. (j) GM1b. (k) GD1b. 

(l) GD1a, in the liver of 23 mouse inbred strains. Values are presented as median (n = 3–5 per strain). 

2.4. Correlations between the GSLs and the mRNA Levels of the Biosynthetic Genes 

A possibility is that GSL levels could correlate with their biosynthesis rate. Since we 

started from frozen tissues, we could not test this directly. Instead, we utilized the 

transcriptomic data available from the repository GSE16780 UCLA Hybrid MDP Liver Affy 

HT M430A [24]. We found transcript probes for 21 mRNA of the 21 anabolic en- 
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zymes of the GSLs pathway and four GSL transfer proteins.  The analyzed gene list 
of the biosynthetic pathway is presented in the Supplementary Table S1. The expres- 
sion values were organized according to GSLs levels from lowest to highest and pre- 

sented as a heatmap. The analysis showed significant correlations for Cgt (r = −0.4263; 

p = 0.042) with total GSLs (Figure 4a). For GM2-Gc with Cgt (r = −0.4582; p = 0.0279), Galgt1 

(r = 0.6078; p = 0.0021), A4galt (r = 0.4903; p = 0.0176), Gltp (r = −0.454; p = 0.0296) 

(Figure 4b). GM3 levels correlated with Galgt1 (r = −0.579; p = 0.0038), Gltp (r = 0.4151; 

p = 0.0489) (Figure 4c). GM1a with Col4a3bp (r = 0.4458 p = 0.033) (Figure 4d). GM3-Gc is 

associated with Galgt1 (r = −0.9591, p ≤ 0.0001) and it was the most significant correlation 

(Figure 4e). GM1agc levels with Slc17a2 (r = 0.4163; p = 0.0482) (Figure 5f). Gb3 with A4galt 

(r = 0.6011, p = 0.0024) (Figure 4g) and GM1b with Galgt1 (r = −0.5764; p = 0.004) and St8sia5 

(r = −0.4194, p = 0.0046) (Figure 4h). No significant correlations were found between the 
majority of GSLs and biosynthetic genes (Supplementary Table S2); thus, we analyzed 
potential correlations between GSL levels and the enzyme activity that catabolizes them 
across the mouse panel. 

 

 
Figure 4. Correlations between GSLs and the mRNA levels of the GSL biosynthetic genes. (a) total 

GSL. (b) GM2-Gc. (c) GM3. (d) GM1a. (e) GM3-Gc. (f) GM1agc. (g) Gb3. (h) GM1b levels. Only the 

genes with significant p values with its trait using Pearson’s correlations (p ≤ 0.05) were plotted. 
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Figure 5. Correlation of hepatic lysosomal enzyme activities and specific substrates levels. Each dot 

represents a mouse strain. (a) HexA vs. GM2-Gc. (b) HexA vs. GA2. (c) α-Gal A vs. Gb3. (d) HexB vs. 

GM2-Gc. (e) HexB vs. GA2. (f) α-Gal B vs. Gb3. (g) Neu vs. GM3. (h) Neu vs. GM3-Gc. (i) β-D-Gal 

vs. GM1a; r, Pearsons’ correlation; p, p-value. 

2.5. Lack of Correlation between Hepatic Lysosomal Enzyme Activity and Their Natural Substrates 
across Mouse Strains 

It is possible to speculate that the strains that present high activity of a particular enzyme 
should have reduced levels of its natural substrate because the enzyme catabolizes it. 
Unexpectedly, for most enzymes, we did not find significant correlations between the GSL 
levels and the enzyme activity that degrades it (Figure 5), except for neuraminidase and 

GM3-Gc (r = −0.4706; p = 0.0234) (Figure 5g). These results suggest that for most strains, 

the rate of biosynthesis and/or uptake of GSLs varies along with the catabolic rates which 
most likely are genetically regulated. 
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2.6. Identification of Putative Modifier Genes of Lysosomal Enzyme Activity and 
Sphingolipids Levels 

To identify genetic regulators, we conducted genome-wide association studies with 
a quality control analysis that considered the population structure of the HMDP panel strains 
to reduce false associations [25,26]. We used enzyme activity levels as a trait and included the 

β-glucosidase activity, which we reported previously in the same and a few other strains 

[20]. For all the enzymes together, we identified 211 significant Single Nucleotide Variants 

(SNVs) that passed the empiric threshold of significance p ≤ 4.1 × 10−6 (−log10P = 5.39), 

previously calculated by permutations [21,22,26], while the Bonferroni threshold was p ≤ 3.9 

× 10−7 [26]. These SNVs were located in different genomic regions (exonic, intronic, UTR3, 
downstream, and intergenic) (Table 1, Supplementary Table S3) in a total of 137 non-
redundant genes. Similarly, we identified 3215 SNVs associated with GSLs levels (1744 non-
redundant genes) whose variants are located in different genomic regions (Table 1, 
Supplementary Table S3). These analyses indicated that our strategy has sufficient power to 
map putative modifier genes. 

 
Table 1. Summary of the putative modifier genes of enzymatic activity and GSLs levels identified 

by GWAS. 

 

Trait Gene Region Chr Position Ref Alt p -value

SNV 

p<10-

6

Non-

redundant 

genes

α-Galactosidase A 

 
Stard4 intergenic 18 33494519 C T 2,88E-06 1 1

α-Galactosidase B Barhl2 intergenic 5 106880801 T C 4,10E-07 1 1

Dmrtc2 UTR3 7 25662483 A G 7,46E-07

Arhgef1 UTR3 7 25711350 G T 7,46E-07

Tiam2 intergenic 17 3338741 T C 1,89E-06

Tfb1m intronic 17 3557483 G T 1,89E-06

Lyplal1 intergenic 1 188026657 A G 9,09E-09

4930433B08Rik intergenic 3 18512557 A G 2,32E-08

Peak1 intronic 9 56165236 T C 2,32E-08

Imp3 intergenic 9 56793621 A G 2,32E-08

Scamp2 intronic 9 57409841 T C 2,32E-08

Loxl1 intergenic 9 58188292 A G 2,32E-08

1700072B07Rik intergenic 9 58256079 G A 2,32E-08

Arih1 intergenic 9 59348484 C T 2,32E-08

Pkm intronic 9 59506197 A T 2,32E-08

Iqch intronic 9 63413504 A G 2,32E-08

Wdr89 intergenic 12 76773815 T C 2,45E-08

Syne2 intronic 12 76961077 T C 2,45E-08

Chchd6 intergenic 6 89566833 A G 1,37E-06

Myom3 intergenic 4 135400588 C T 6,06E-17

Vps45 intronic 3 95807768 C T 1,13E-10

Hist2h2be downstream 3 96027761 G A 1,13E-10

Tet2 intergenic 3 133254547 A C 1,13E-10

Zfp46 UTR3 4 135847850 A G 1,13E-10

Hnrnpr intergenic 4 135915162 C T 1,13E-10

E2f2 UTR3 4 135750026 C T 8,13E-09

Stkld1 intronic 2 26790736 A C 6,67E-08

Xkr7 intergenic 2 152887679 G A 6,67E-08

Ttpal intronic 2 163432431 A G 6,67E-08

Zfat intronic 15 68115989 A C 7,70E-07

Mir30d intergenic 15 68244382 C T 7,72E-07

GCase 2 2

α-Glucosidase 3 2

β-D-galactosidase 88 70

Chitotriosidase 1 8 3

α-L-Fucosidase 103 56

TRAP 5 2
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Table 1. Cont. 

 
 

 

2.7. Correlations between the Traits and the mRNA Levels of Putative Modifiers 

To prioritize the putative modifier genes that could regulate each enzyme, we searched 

for correlations between the transcript levels of putative modifier genes and their traits 

(enzyme activity and GSL levels, respectively) (Figure 6). We found transcript probes for 

67 mRNA of the 137 putative modifiers of the enzymes. The expression values were 

organized according to enzyme activity from lowest to highest and presented as a heatmap. 
The analysis showed significant correlations in Fip1l1 (r = −0.4462; p = 0.0254) with α-L- 

fucosidase (Figure 6a). For β-D-galactosidase with Lyplal1 (r = −0.702; p = <0.0001), Arrdc4 

(r = 0.627; p = 0.0008), Pde2a (r = 0.5306; p = 0.0064), Glb1 (r = 0.5753; p = 0.0026), Bptf 

 (r = 0.5135; p = 0.0087), Oxr1 (r = −0.447; p = 0.0251) (Figure 6b). No significant correlations 

were found for the other enzymes analyzed. We used SIFT to explore the impact of genetic 
variants on the genes identified by GWAS (benign or deleterious changes) associated with 
changes in enzyme activity [27], because the full genomes of the strains are known [28]. 
This strategy identified 308 predicted deleterious variants (Supplementary Table S4) in 43 of 
the 67 genes whose functions are related to organelle biogenesis (Chchd6) [29], intracellular 
signaling (Pde4dip) [30], and tissue development (Fam181b) [31], among others. These 
results suggest that amino acid substitution could affect protein function and signaling 
pathways leading to changes in enzyme activity. 

Ctnnbl1 intronic 2 157632357 T A 1,46E-07

Rap2b intergenic 3 61765728 A C 1,46E-07

Arhgef26 intronic 3 62232093 C T 1,46E-07

Dars intergenic 1 130350640 C T 1,09E-11

Abca16 intronic 7 127596308 G A 1,09E-11

E130201H02Rik intergenic 7 127763574 G A 1,09E-11

Vwa3a intronic 7 127887001 G A 1,09E-11

Eef2k intronic 7 127993389 A G 1,09E-11

Tgs1 intergenic 4 3571870 C G 1,38E-12

Dtnb intronic 12 3586440 C T 1,38E-12

Lyn intronic 4 3673421 A G 1,38E-12

Ghr intergenic 15 3696333 T C 1,38E-12

1810055G02Rik intergenic 19 3731017 G A 1,38E-12

Bambi intergenic 18 3826103 C A 1,38E-12

Hnf4g intergenic 3 3989664 G T 1,38E-12

Dnajc27 UTR3 12 4106955 G C 1,38E-12

Mterf1b intergenic 5 4503200 A G 1,38E-12

Impad1 intergenic 4 4885958 C G 1,38E-12

Ahctf1 intergenic 1 181812047 C A 1,03E-08

Psen2 intronic 1 182170093 C T 1,03E-08

Fhit intronic 14 11843484 G A 1,03E-08

Cdk6 intergenic 5 3011917 T C 1,51E-31

Insr intergenic 8 3058687 C T 1,51E-31

Eif4enif1 intronic 11 3143753 G A 1,51E-31

Tiam2 intronic 17 3417745 T C 1,51E-31

Ppp6r3 intronic 19 3539614 C T 1,51E-31

Tfb1m intronic 17 3540913 C A 1,51E-31

1700102H20Rik intergenic 17 3611518 G A 1,51E-31

Pex1 intronic 5 3632859 T G 1,51E-31

Ankib1 intronic 5 3711311 C T 1,51E-31

Ankib1 intronic 5 3778272 C T 1,51E-31

GM1b Hrasls intergenic 16 29161604 A C 2,71E-06 2 1

103

GM3Gc 1811 995

G
S

L
s

Lac 1152 723

GD1b 23 17

GD1a 37 26

GA2 190
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Figure 6. Correlations between the traits (enzyme activities or GSLs) and the mRNA levels of the iden- 

tified modifier genes. (a) α-L-Fucosidase. (b) β-D-galactosidase. (c) LacCer (Lac). (d) GD1b. (e) GA2. 

(f) GM3-Gc. Only the genes with significant p values with its trait using Pearson’s correlations 

(p ≤ 0.05) were plotted. 
 

The same analysis was performed to identify putative modifiers of GSL levels (Figure 

6c–f). For 1744 non-redundant SNVs, we found expression values for 994 genes. The analysis 

identified 45 significant correlations, of which 33 were correlated with GM3-Gc levels, 10 

genes with LacCer, and one gene with GD1b and GA2 (Figure 6c–f). Overall, we recorded 

4.9% (52/1061) of significant correlations distributed between the two traits. We also 

explored the impact of genetic variants associated with changes in GSLs with SIFT [27]. 

This strategy identified 515 deleterious variants predicted to disrupt the protein structure 

(Supplementary Table S4) in 132 genes related to DNA methyltransferase activity (Setdb1) 

[32] and synapse (Slitrk1) [33], among others. 
 

2.8. Enrichment Analysis and Common Modifier Genes between Glycosphingolipids Levels and 
Lysosomal Enzyme Activities 

If there is an orchestrated regulation of GSL levels and the enzymes that degrade 

them, it would be expected to observe enrichment in common pathways [34]. We therefore 

utilized gProfiler [35] to perform enrichment analysis using the putative modifier genes lists. 

For the modifier of enzyme activities, we found significantly associated pathways such as 

cell periphery (p = 5.9 × 10−4), plasma membrane (p = 2.4 × 10−3), and integral components 

of the plasma membrane (p = 2.6 × 10−2) (Figure 7b), which could be related to endocytic 

processes necessary to deliver key molecules to the lysosome, including the lysosomal 

enzymes that can be recycled from the extracellular space. Significant biological processes 

analysis included regulation of cellular processes (p = 3.9 × 10−2) (Figure 7d) 

(Supplementary Table S5). We did not find significant enrichment for the molecular function 

category. For GSLs, we observed enrichment in terms like cytoplasm (p = 3.5 × 10−28), 

cell junction (p = 7 × 10−21), synapse (p = 4.6 × 10−19), and 70 other pathways related to 

cellular components (Figure 7a; Supplementary Table S5). Many of these pathways require 

cellular membranes, where GSLs play a structural role. Significantly enriched Gene Ontology 

(GO) terms included protein binding (p = 9.1 × 10−31), ion binding (p = 8.8 × 10−14), binding 

(p = 2.3 × 10−13), ATP binding (p = 9.4 × 10−13), carbohydrate 
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derivate binding (p = 1.8 × 10−1), and 27 other pathways related to molecular functions 
(Supplementary Table S5). Biological processes terms revealed 328 pathways, including 

system development (p = 4.3 × 10−39), anatomical structure development (5.6 × 10−38), and 

multicellular organism development (p = 1.4 × 10−37). We searched for the overlap between 
the cellular component domains of modifiers of enzyme activity and GSLs, which 
resulted in three common pathways (GO:0071944—cell periphery, GO:0005886—plasma 

membrane, and GO:0005887—integral component of plasma membrane) (Figure 7c) and one 

pathway associated with biological processes (GO:0050794; regulation of cellular process) 

(Supplementary Table S5). 

 

 
Figure 7. Enrichment analysis and common modifier genes between glycosphingolipids levels and 

lysosomal enzyme activities. (a) Cellular component functional enrichment analysis for gene sets 

(1744 non−redundant genes) of six substrate (GM3−Gc, GA2, Lac, GM1b, GD1b, GD1a), analyzed by 

g:Profiler. We found 73 GO_CC associated. (b) Cellular component functional enrichment analysis for 

gene sets (137 non−redundant genes) of eight enzymes (acid β−glucosidase, α−galactosidase A, 

α−galactosidase B, α−glucosidase, β−D−galactosidase, chitotriosidase, α−L−fucosidase, 

tartrate−resistant acid phosphatase). (c) Venn diagram with common GO terms cellular component 

between two traits. (d) Common GO terms biological processes between two traits. (e) Common 

genetic regulators between two traits. (f) Transcription factors that bind to the common genes. 

(g) Cartoon with common genetic regulators that miR−340−5p can bind. 
 

2.9. Common and Uncommon Modifiers between Hepatic Lysosomal Enzyme Activity and 
Sphingolipids Levels 

Common regulators of GSLs and enzymatic activities are relevant for understand- 

ing GSL metabolism and may be attractive therapeutic targets for LSDs. Therefore, we 

examined the overlap between them. We found 30 common and 1821 uncommon genes 

(Figure 7e). We explored their functions and identified genes involved in mitochondrial 

biogenesis and dynamics (Tfb1m, Timen135, Chchd6) [29,36,37], cell proliferation (Fstl5, 

Fzd10, Arhgap18) [38–40], platelet function (Cdh6) [41], vesicular trafficking (Vps45) [42], 

gene expression (Tfb1m, Zfat) [36,43], and regulating levels of the proto-oncogene MYC (Pvt1) 

[44]. Many of the 30 genes have been linked to diseases, such as Pvt1, Tiam2, Fstl5, Fzd10, 

Cdh6, Pvt1, Chchd6 in liver, colorectal, nasopharyngeal, and gastric cancer [45–50]. 
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Others participate in neurodegenerative conditions; PD, schizophrenia, and intellectual 

disability (Tenm4, Pde4dip, Grid2, Arhgap18) [51,52]. These results suggest that lysosomal 

enzymes and GSLs may play a role in their pathophysiology and should be explored further 

(Table 2). 

To better understand the molecular regulation of these 30 genes, we analyzed the 
transcription factors that bind to their promoters and/or enhancers (Figure 7f). We found 
no information for three of the 30 genes since they are putative (Rik) genes. The following 
transcription factors can bind to the 27 genes for which we have information: REST, TBP, 
CEBPB, EP300, POLR2A, FOS, DPF2, CTCF, RAD21, and SP1. Some of these transcription 
factors are broad regulators of transcription, such as TBP and POLR2A, while others are 
selective for specific processes, such as CTCF and RAD21. Considering all the promot- 
ers/enhancers of the 27 shared genes, we identified a total of 533 transcription factors 
that can bind them, although some only bind a few genes (Supplementary Table S6). We 
also searched for potential shared microRNA (miRNA) regulators using miRTarBase, a 
curated microRNA database [53]. We identified that miR-340-5p can bind to 11 of the 
27 known common genes (Tusc1, Fam91a1, Zc3h12c, Adamts5, Tmem135, Tenm4, Grid2, 

Csnk1g3, Cdh6, Fam181b, and Pde4dip; p = 2.2 × 10−2) (Figure 7g). This result suggests 

that miRNA-340-5p regulates GSLs metabolism and may be involved in the pathogenesis 
of LSDs and the disorders described in Table 2. 

 
Table 2. Common genetic modifiers associated with enzyme activity and hepatic glycosphingolipid lev- 

els in inbred mouse strains. The references related to this table are presented as supplementary material. 
 

 

Enzyme p -value GWAS GSLs p -value GWAS

Tiam2
T cell lymphoma invasion and 

metastasis 2
α-Glucosidase 1,89E-06 GM3-Gc 1,51E-31 neuroplasticity liver cancer No [47,54]

Tfb1m
Dimethyladenosine transferase 1, 

mitochondrial 
α-Glucosidase 1,89E-07 GM3-Gc 1,51E-31

promotion of mitochondrial 

biogenesis 
deafness No [36,55]

Dok5 Insulin receptor substrate 6 β-D-galactosidase 1,43E-07 Lac 1,38E-12

promove osteoblast proliferation 

and differentiation / insulin and 

IGF-1 signaling

cancer, 

Alzheimer's 

disease

No [56–59]

4930433b08Rik RIKEN cDNA 4930433B08 gene β-D-galactosidase 2,32E-08 Lac 1,38E-12 - - - -

A830019l24Rik RIKEN cDNA A830019L24 gene β-D-galactosidase 1,43E-07 Lac 1,38E-12 - - - -

Tmem135 Transmembrane protein 135 β-D-galactosidase 1,43E-07 GM3-Gc 1,51E-31
involved in mitochondrial 

dynamics
retinal diseases No [37,60]

Fam181b
Family w ith sequence similarity 

181, member B
β-D-galactosidase 1,43E-07 GM3-Gc 1,51E-31

increased expression during 

mouse development
- No [31]

Tenm4 Teneurin transmembrane protein 4 β-D-galactosidase 1,43E-07 GM3-Gc 1,51E-31
cell maturation and myelination in 

SNC

neuropsychiatric 

disorders, 

Parkinson's 

No [51,61–63]

Plk2
Serine/Threonine-protein kinase 

PLK2
β-D-galactosidase 1,43E-07 GM3-Gc 1,51E-31

cell proliferation, alpha-synuclein 

phosphorylation
pulmonary f ibrosis No [64,65]

Stk32a Serine/Threonine kinase 32A  β-D-galactosidase 1,43E-07 GM3-Gc 1,51E-31 kinase activity lung cancer No [66,67]

Dpysl3 Dihydropyrimidinase like 3 β-D-galactosidase 1,43E-07 GM3-Gc 1,51E-31
cell migration, cytoskeletal 

dynamics and inflammation

gastric cancer, 

amyotrophic lateral 

sclerosis

No [68–70]

Prex1
PIP3 Dependent rac exchange 

factor 1
α-L-Fucosidase 6,67E-08 GM3-Gc 1,51E-31

contributes to the effector 

activity of mouse neutrophils
prostate cancer No [71,72]

Fstl5 Follistatin-related protein 5 α-L-Fucosidase 6,67E-08 Lac 1,38E-12 play a role in cell proliferation
hepatocellular 

carcinoma
No [38,73]

Vps45
Vacuolar protein sorting-

associated protein 45
α-L-Fucosidase 1,13E-10 GM3-Gc 1,51E-31

vesicle-mediated protein 

traff icking from the Golgi

neutrophil 

disorders
No [42,74]

Hist2h2be
Histone cluster 2 H2B family 

member E
α-L-Fucosidase 1,13E-10 GM3-Gc 1,51E-31 is necessary for proliferation breast cancer No [75]

Pde4dip
Phosphodiesterase 4D interacting 

protein 
α-L-Fucosidase 2,29E-07 GM3-Gc 1,51E-31

cAMP-dependent pathw ay to 

Golgi and/or centrosomes
schizophrenia  No [52]

Tusc1 Tumor suppressor candidate 1 α-L-Fucosidase 6,67E-08 GM3-Gc 1,51E-31
reduced cell proliferation in vitro 

e in vivo
glioblastoma No [76,77]

Fzd10 Frizzled class receptor 10 α-L-Fucosidase 6,67E-08 GM3-Gc 1,51E-31
promotes cell proliferation 

through Wnt1 
cancer No [39,48]

Grid2
Glutamate ionotropic receptor delta 

type subunit 2
α-L-Fucosidase 6,67E-08 Lac 1,38E-12 receptor for glutamate 

neurodevelopment

al syndrome / 

intellectual 

No [78]

Zc3h12c
Zinc f inger CCCH-type containing 

12C
α-L-Fucosidase 1,64E-06 GM3-Gc 1,51E-31

RNA stability associated w ith 

inflammatory genes 
psoriasis No [79,80]

Arhgap18 Rho GTPase activating protein 18  α-L-Fucosidase 6,67E-08 GM3-Gc 1,51E-31
role in migration, spreading and 

controls stress f iber formation

schizophrenia in 

Chinese population
No [40,81]

Cdh6 Cadherin 6 α-L-Fucosidase 1,34E-06 Lac 1,38E-12 inhibit platelet aggregation cancer No [41,49]

Fam91a1
Family w ith sequence similarity 91 

member A1
α-L-Fucosidase 6,67E-08 GM3-Gc 1,51E-31

WDR11 complex (vesicular 

traff icking) 
adenocarcinoma No [82,83]

4933412e24Rik RIKEN cDNA 4933412E24 gene α-L-Fucosidase 6,67E-08 Lac 1,38E-12 - - - -

A1bg Alpha-1B-Glycoprotein α-L-Fucosidase 6,67E-08 GM3-Gc 1,51E-31
cell dynamics and acquired 

immune response

cervical and 

bladder 

carcinogenesis 

No [84–86]

Pvt1 Pvt1 Oncogene  α-L-Fucosidase 6,67E-08 GM3-Gc 1,51E-31 promotes cell proliferation cancer No [50,87]

Adamts5
ADAM Metallopeptidase w ith 

thrombospondin type 1 motif 5
α-L-Fucosidase 6,67E-08 GM3-Gc 1,51E-31

metalloproteinase that remoldels 

connective tissue 
osteoarthritis No [88]

Csnk1g3 Casein kinase 1 gamma 3 α-L-Fucosidase 3,51E-07 Lac 1,38E-12 w nt signaling pathw ay
breast, brain and 

colon cancer
No [89,90]

Chchd6
Coiled-coil-helix-coiled-coil-helix 

domain containing 6
Chitotriosidase 1,37E-06 GA2 3,27E-06

mitochondrial membrane 

morphology 
cancer No [29]

Zfat Zinc f inger protein ZFAT TRAP 7,72E-07 Lac 1,38E-12 immune response
hashimoto's 

disease 
No [43,91]

Previosly 

associated 

w ith traits

ReferencesDescription Gene
Traits

Related functions
Associated human 

diseases
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3. Discussion 

In this study we searched for genetic modulators involved in the regulation of the 

lysosomal enzyme activities and the levels of substrates related to GSLs, with the idea of 

finding novel therapeutics targets for disorders in which they participate. By GWASs, we 

identified common and uncommon genetic regulators, evaluated the associations 

between modifier gene mRNA levels and each trait, and also clustered them in pathways. 

We identified 30 shared putative modifiers and described the transcription factors that 

are predicted to regulate them, and we noted that the miRNA340-5p can bind to 11 of 

these genes. 

Our first unexpected finding was that most lysosomal enzyme activities do not cor- relate 
with their mRNA levels, nor with most of their substrate levels. Although enzyme activity 
can decrease with age [92], we used sex and age-matched samples; thus, the variation 

observed across strains was shown not to be due to any of these factors. 
Another unexpected finding was that GM2-Gc levels correlate with the mRNA levels of the 

Cgt gene, which encodes for the UDP-galactose ceramide galactosyltransferase (CGT). CGT is 

a key enzyme for the biosynthesis of galactocerebrosides. Gangliosides, including GM2 
derivates, are built from glucosylceramide and not from the galacto series [93]. However, for 
most of the biosynthetic genes there were no associations between the amount of lipids and 
the transcript levels of their anabolic pathways. Altogether, our results suggest that the GSL 
biosynthesis rate and uptake differ across the mouse strains, suggesting the existence of 
specific modifier genes for each trait. 

Our third unexpected finding was that TFEB, the master transcriptional regulator of 
lysosomal genes [94], did not appear in the list of modifiers of lysosomal enzymes. This may 
be due to the fact that we screened for enzymatic activity instead of mRNA levels, and we 
showed a lack of correlation between transcript levels and enzyme activity under physiolog- 

ical conditions, at least for most enzymes. One exception was β-D-galactosidase, for which we 

found a positive correlation between its transcript levels and activity. Furthermore, the 

GWAS for this enzyme identified Glb1, the gene encoding for β-D-galactosidase, as 

aputative modifier of its activity, validating the power of discovery of our population-based 
strategy [95]. 
Our study had some limitations: First, we quantified lysosomal traits from liver 

homogenates that were not in living or isolated organelles, which may have diluted en- 

zyme activity or promoted molecular interactions that might not occur in vivo because of 

cellular compartmentalization. Second, we could not directly measure GSLs biosyn- thesis 

and uptake because we started with mouse liver samples. Third, we used SNV catalogs 

with imputation, which may lead to false associations, though with increased mapping 

resolution. 

Most of the enzymes we assayed are associated with LSDs [5,8]. For many LSDs, no 
therapies are available, and the few currently available treatments have severe limita- 
tions [5]. In this context, targeting a modifier gene could be a novel therapeutic approach. 

For example, lack of β-D-galactosidase activity triggers GM1 gangliosidosis, a disease 

with no approved therapies [96]. Our study identified the druggable Lypla1 and Pkm 

genes as putative modifiers of β-D-galactosidase activity, which can be pharmacologically 

modulated [97,98]. We found other druggable genes as well for several traits, and with 

the current gene editing technologies virtually any gene can be targeted. The potential 

modifying effects of these genes and compounds can be tested in LSDs disease models. 
A hallmark of the sphingolipidoses is the intracellular buildup of GSLs, so strategies aimed at 
reducing their levels could lead us to novel therapies [5,8]. GSLs comprise a ceramide moiety 
with one or more sugar residues linked to it [99]. An approved therapy for Gaucher and 
Niemann-Pick disease type C is Miglustat [100,101], a small molecule inhibitor of GSL 
biosynthesis, thus reducing their levels. Our GSLs GWAS identified more than 50 genes 
previously associated with sphingolipid metabolism, which served as a positive control, 

including B3gnt5, Cln8, Hexb, Pnpla1, St8sia1, and Cgt. B3gnt5 regulates GSLs metabolism and 

lung tumorigenesis [102]. Our study also identified Lipc as a modifier of GM3-Gc levels, which 

has been previously associated with elevated serum levels of liver enzymes (alkaline 

phosphatase and γ-glutamyl transferase) [103], suggesting a new connection between GM3-

Gc and liver damage. Variants in LIPC, CPS1, PABPC4, CITED2, TRPS1, and MVK are 
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associated with changes in plasma lipoprotein levels [104], connecting novel traits to GSLs 
metabolism. 

Lysosomal leakage has been associated with Alzheimers’ [105], cancer, and inflamma- tion 
among other conditions [106]. Recently, the phosphoinositide signaling pathway was 
implicated in lysosomal repair [107]. Many genes of this pathway appear in our discovery list 

(Osbpl9, Osbpl6, Pde4dip, Pde2a, Pde1a, Pde7a, Pde7b, Pde4d, Pde8b, Pld5, Pik3r1, Pip4k2a, 

Pip5k1a, Pip5k1b, Pi4kb, Pdpk1, Atg4c, Atg10), suggesting that integrity of the lysosomal com- 

partment is key to the proper functioning of enzymes and/or that these enzymes and lipids 
participate in lysosomal repair. Furthermore, this novel lysosomal repair pathway may 
facilitate the development of novel therapeutics for these diseases with lysosomal leakage. 
Defects in the 30 shared genes are related to several pathologies, such as vision abnor- malities 

(TMEM135) [60], cancer (CDH6 [49], FZD10 [48], TIAM2 [47]), neuropsychiatric disorders 

(Tenm4 [51], Pde4dip [52], Grid2 [78]), deafness (TFB1M) [55], neutrophil disorders (VPS45) [74] 

and others. Lysosomal enzymes and GSLs have been widely studied in cancer and 
neurodegenerative diseases [46,108–111]; however, their role in the other identified 
conditions should be explored. 
Although not binding the complete list of shared genes, we identified some tran- 
scription factors previously known to be involved in lipid metabolism and autophagy- 

lysosomal functions (PPARγ, SREBF1, HNF1A, YY1, EGR1, SP1 and TFE3, E2F1, CREB1, 

MYC) [112–121], and many more that have not been previously linked to GSL metabolism. 
We also identified miR-340-5p as a putative regulator of many common modifier genes. 
Changes in miR-340-5p are linked to preeclampsia, neuroinflammation [122–126], adipocyte 
differentiation [127], as well as obesity and diabetes [128]. GSL metabolism plays a crucial 
role in the two last-mentioned disorders, and inhibitors of their biosynthesis have shown 
promising results in animal models of these conditions, validating the relevance of our 
strategy [129,130]. 
In conclusion, we described putative regulators of hepatic lysosomal enzymes and GSLs, many 

of them druggable and associated with diseases where alterations in GSL metabolism have not 

been previously described and should be assessed. We expect our findings may facilitate the 

development of novel therapeutics for conditions with alterations in these traits. 

4. Materials and Methods 

4.1. Mouse Tissues 

We used 8 weeks-old mice livers derived from 25 inbred mouse strains, which were kindly 
donated by Dr. Aldons Lusis (University of California, Los Angeles, CA, USA). (i) 
129X1/SvJ, (ii) A/J, (iii) AKR/J, (iv) BALB/cJ, (v) BTBR T<+> tf/J, (vi) BUB/BnJ, (vii) 
C57BL/6J, (viii) C58/J, (ix) CAST/EiJ, (x) CBA/J, (xi) CE/J, (xii) DBA/2J, (xiii) KK/HlJ, (xiv) 

LG/J, (xv) LP/J, (xvi) MA/MyJ, (xvii) NOD/ShiLtJ, (xviii) NON/ShiLtJ, (xix) NZB/BlNJ, 
(xx) NZW/LacJ, (xxi) PL/J, (xxii) RIIIS/J, (xxiii) SEA/GnJ, (xxiv) SM/J, (xxv) SWR/J. Tissues 

were homogenized and adjusted to 50 mg tissue/mL in deionized water with a Potter-
Elvehjem tissue homogenizer (Omni International, Kennesaw, GA, USA). Three or more 
livers per mouse strain were used to quantify traits (Supplementary Table S7). 

4.2. Enzyme Activity Assays 

Lysosomal hydrolase activities were determined using an artificial fluorescent sub- strate 

based on 4-methylumbelliferone (4-MU) [131]. For α-glucosidase, 1.47 mM 4-MU α- D-

glucopyranoside (Sigma, Dorset, UK) in 100 mM citric acid/100 mM sodium phosphate, 0.1% 

TritonX-100, pH 4.0 was used as substrate [132]. The substrate for α-galactosidase A and B 

activities was 5 mM 4-MU α-D-galactopyranoside (Santa Cruz, CA, USA) with and without 250 

mM N-acetyl-galactosamine (Sigma, Dorset, UK) in 100 mM citric acid/100 mM tri-sodium 

citrate, 0.1% TritonX-100, pH 4.0 [133,134]. For measuring β-hexosaminidase A and B 

activity, 3 mM 4-MU N-acetyl-β-D-glucosaminide (BioChemika, Dorset, UK) in 100 mM 

citric acid/100 mM sodium phosphate, 0.1% TritonX-100, pH 4.5 was used as sub- strate. Heat 

inactivation assay for β-hexosaminidase A was carried out at 50 ◦C for 3 h [135]. For β-

galactosidase activity, 1 mM 4-MU β-D-galactose (Sigma, Dorset, UK) in 200 mM sodium 

acetate buffer, 100 mM NaCl, 0.1% TritonX-100, pH 4.3 was used as substrate [136]. The 

substrate for neuraminidase activity was 0.4 mM 4-MU α-D-N-acetylneuraminic acid (Sigma, 

Dorset, UK) in 0.1 M acetate buffer, 0.1% TritonX-100, pH 4.6 [137,138]. For chi- totriosidase 

activity, 0.013 mM 4-MU chitotrioside (Sigma, Dorset, UK) in 100 mM citric acid/200 mM 
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sodium phosphate, 0.1% TritonX-100, pH 5.2 was used as substrate [139,140]. For total acid 

phosphatase activity, 5 mM 4-MU phosphate (Sigma, Dorset, UK) with 40 mM NaCl in 200 mM 

citric acid/200 mM sodium phosphate, 0.1% TritonX-100, pH 4.5 was used as substrate. 

For tartrate-resistant acid phosphatase (TRAP) activity, 5 mM 4-MU phosphate (Sigma, Dorset, 

UK) with 40 mM Na Tartrate in 200 mM citric acid/200 mM sodium phosphate, 0.1% TritonX-

100, pH 4.5 was used as substrate. The difference between total acid phosphatase activity 

and TRAP corresponded to lysosomal acid phosphatase (Lys AP) activity [141,142]. The 

substrate for α-L-fucosidase activity was 60 nM 4-MU α-L-fucopyranoside (Sigma, Dorset, 

UK) in 200 mM citric acid/200 mM sodium citrate, 0.1% TritonX-100, pH 5.0 [143,144]. We 

determined the acid-β-glucosidase activity in the same tissues in a previous publication [20], 

and further analyses were performed here based on the published activity. Liver 

homogenates were diluted with the buffer corre- sponding to each enzymatic determination. 

Three cycles of freezing (liquid nitrogen) and thawing were performed on the samples. Three 

biological replicates of the diluted liver extracts were incubated with the corresponding 

substrate at 37 ◦C for 30 min (or 1 h forα-neuraminidase, β-D-galactosidase, and 

chitotriosidase). Cold 0.5 M Na2CO3 (pH 10.7) was added to stop the reaction. 

Fluorescence intensity in samples was measured in a Synergy HT plate reader (BioTek, 

Winooski, VT, USA) at 360/460 nm. Protein concentration was measured using a BCA protein 

assay kit (Thermo Fisher Scientific, New Jersey, NJ USA). Fluorescence values were 

normalized to protein concentration. A 4-MU standard curve was constructed to calculate 

specific activity, and the final value was adjusted to one hour of enzymatic reaction. 

4.3. Glycosphingolipids Levels Quantification 

The GSLs were extracted and measured by Normal Phase-High-Performance Liquid 

Chromatography (NP-HPLC) following published methods [145]. Briefly, the aqueous tis- sue 

extract was homogenized in chloroform/methanol (C:M) (1:2 v/v) and kept overnight at 4 ◦C. 

Then, the extracts mixture was centrifuged at 3000 rpm for 10 min at room temperature. We 

added 0.5 mL of PBS and 0.5 mL of chloroform to the supernatant followed by a 3000- rpm 

centrifugation for 10 min at room temperature. The lower phase was carefully removed and 

dried under a stream of nitrogen gas (N2) in a heating block (42 ◦C), resuspended in 40 

µL C:M 1:3 v/v and mixed with the upper phase. Afterwards, glycosphingolipids- derived 

oligosaccharides were purified from the samples using C18 columns (Telos, Kinesis, UK) 

previously pre-equilibrated with 1.25 mL methanol (four times) and 1.25 mL deionized water 

(three times). We loaded the mixed phase (lower/upper) onto a column and rinsed the sample 

tube with 1 × 1 mL of deionized water. Then, the C18 column was washed with 4 × 1.25 mL 

deionized water and eluted it with 1 × 1 mL (C:M) (98:2 v/v), 2 × 1 mL (C:M) (1:3 v/v), 1 × 

1 mL methanol. The eluates were dried under N2 current and digested with a recombinant 

Endoglycoceramidase I (rEGCaseI) (GenScript, Oxford, UK) in buffer 50 mM sodium acetate, 

pH 5.0, 0.6% TritonX-100 (4 µL enzyme + 86 µL buffer) at 37 ◦C for 16 h. The released glycans 

were labeled with 310 µL of labelling mix (30 mg/mL anthranilic acid (2AA) and 45 

mg/mL sodium cyanoborohydride) in 4% sodium acetate, 2% boric acid in methanol, and 

heated at 80 ◦C. Then, we cooled the samples and mixed them with 3 × 1 mL acetonitrile: 

deionized water (97:3) (v/v) and added them to a Discovery DPA- 6S-SPE tube (Supelco, PA, 

USA), pre-equilibrated with 1 × 1 mL acetonitrile, 2 × 1 mL deionized water, and 3 × 1 mL 

acetonitrile. The columns were cleaned with 3 × 1 mL acetonitrile: deionized water (95:5) 

(v/v), and the tubes were washed with 2 × 1 mL ace- tonitrile: deionized water (95:5) (v/v) 

and eluted in 0.6 mL deionized water. We took 60 µL from 0.6 mL sample eluted, added 

140 µL acetonitrile, and injected 50 µL of this mix (deionized water: acetonitrile) (30:70) 

(v/v) onto NP-HPLC (Waters Alliance 2695 separations module and multi-fluorescent detector 

set at Ex 360/Em 425 nm). To calculate molar quantities from peaks in the chromatogram, we 

included a calibration standard containing 2.5 pmol 2AA-labelled chitotriose (Ludger, 

Oxford, UK) for each NP-HPLC run [145]. The chromatographic data were processed using 

Waters Empower software 3 (Waters, Milford, MA, USA). Fluorescence values by sample were 

normalized to protein content using a BCA Assay kit (Merck KGaA, Darmstadt, Germany). 

4.4. Genome-Wide Association Studies (GWAS) 

We used the genotype of each strain, and the enzymatic activity or substrate as trait, and 
its kinship matrix to perform the GWAS using The Efficient Mixed Model Association 
(EMMA) v.1.1.230 in the R package [26,146]. We used PLINK to remove SNVs in linkage 
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disequilibrium to avoid false associations [25], considering an R2 = 0.25, leaving 127,285 
independent variants out of the initial four million variants downloaded from the mouse 
HapMap reference panel (http://mouse.cs.ucla.edu/mousehapmap/full.html, accessed 
on 28 September 2020) [147]. 

4.5. Gene Expression Array and Heat Maps 

For gene expression correlations, we obtained inbred mouse hepatic transcript data from 

the repository GSE16780 UCLA Hybrid MDP Liver Affy HTM430A [24]. The mRNA levels 

in the repository were expressed as log2 transformed and were calculated from the Affimetrix 

chip with the robust multiarray average (RMA) method. To plot the heatmaps, we used 

Morpheus software (https://software.broadinstitute.org/morpheus, accessed on 15 

February 2022). 

4.6. Functional Impact of Genomic Variants 

The functional impact of genomic variants was assessed using the Sorting Intoler- ant 

From Tolerant (SIFT) software (https://sift.bii.a-star.edu.sg/www/SIFT_dbSNP.html, 

accessed on 12 July 2022) [27]. 

4.7. Enrichment Analysis 

We used gProfiler [35] with the default settings to perform the pathway enrichment analyses. 

4.8. Identification of Transcription Factors 

We consulted the GeneHancer (GH) database, a catalogue of genome-wide enhancer- to-gene 

and promoter-to-gene associations, through GeneCards® (https://www.genecards. 
org/Guide/GeneCard, accessed on 6 September 2022) [148]. Only transcription factors 
with a significative GH Score were considered. 

4.9. Statistics 

We used Student’s t-test, ANOVA with Bonferroni correction, and Pearson corre- lation. 

All tests were two-tailed. The significance was considered to be p < 0.05. We used an R 

package [146] and Prism v9.1.0 (GraphPad software, San Diego, CA, USA) for these 
analyses. 
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Chapter 3: Conclusions and future projections 
 

This study used GWAS, pathway enrichment analyses, and integrative networks 

to identify potential genetic modifiers of murine hepatic lysosomal enzyme 

activities and GSL levels. Based on our findings, we have concluded the following: 

(1) Mouse systems genetics strategies effectively identify candidate genetic 

regulators of lysosomal phenotypes. We have uncovered a set of putative genetic 

regulators for lysosomal enzyme activities and GSL levels, including transcription 

factors that may regulate both groups of phenotypes. 

(2) Variants in many candidate modifiers are associated with human diseases 

where alterations in GSL metabolism have not previously been described. 

Therefore, the role of these lipids in the pathophysiology of these disorders should 

be investigated. 

To validate our findings, the following prioritization criteria need to be applied: 
 

1.- Lysosomal gene: 
 

1a.- Exonic variant. 
 

1b.- Variant in the UTR region. 

1c.- Variant in introns/splicing. 

2.- Non-lysosomal gene: 

2a.- Exonic variant. 

 

2b.- Variant in UTR region. 
 

2c.- Variant in introns/splicing. 
 

3.- Hits p-value in intergenic regions: 
 

3a.- Regulatory function (epigenetic marks)/ncRNA-mirRNA. 

3b.- Distance of the nearest gene. 
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3c.- Enhancers, promoters (distal or proximal), suppressors (chromatin 

modifiers), insulators. 

4.- Common modifier of several traits 
 

5.- Clinical implications of variants (OMIM) 
 

6.- Higher number of variants per gene region: 
 

With this in mind, we prioritized the following genes for future validations: 
 
i) Vps45: the gene product is lysosomal (1) [69], identified as a modifier of 

fucosidase activity and GM3-Gc levels (4). In the fucosidase screening, appeared 

an intronic variant (1c) and in the GM3-Gc in the intergenic region and upstream 

(3c) with significant p values of 1,13 E-10 and 1,51 E-31, respectively; in addition, 

there are diseases associated with this gene like severe autosomal recessive 

congenital neutropenia 5, (5) (OMIM: *610035). 

ii) Pde4dip: although the gene product is expressed in the Golgi (2) [70], it was 

recently shown the phosphoinositide signaling pathway, in which PDE4DIP 

participates, plays a central function in lysosomal repair [7]. It was uncovered as 

a modifier of fucosidase activity and GM3-Gc levels (4). In the fucosidase 

screening, an intronic variant appears (2c) and in GM3-Gc in exonic (2a) and 

intronic region (2c) with significant p values of 2.29E-7 and 1.51E-31 respectively; 

there are also diseases associated with this gene such as myeloproliferative 

disorder associated with eosinophilia (OMIM: *608117). 

iii) miR-340-5p: is a putative shared regulator between eleven modifier genes (p= 

2.2E-2) (4). Its dysregulation has been linked to preeclampsia [71], breast and 

gastric cancer [72,73]. 

 

Gain-of-function and loss-of-function studies are required to validate these 

candidate modifiers. Classical approaches include genetic and pharmacological 

tools such as CRISPR-Cas9, plasmids, anti-sense oligonucleotides, and small 
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molecules [74-76], which should be tested under healthy and diseased 

conditions. The following steps should be taken: 

 

(a) Determine the mechanism of action, which can be done in mouse cell lines. 

(b) Evaluate the potential therapeutic role, initially in cells derived from patients 

with fucosidosis, GM1 gangliosidosis, and other diseases with lysosomal 

dysfunction, such as Parkinson's. Following the cellular studies, animal models 

should be used to validate the results. This will determine whether the function of 

the modifier is specific to a particular cell type or organ or whether it has a 

systemic effect. 

 

In conclusion, this study provides new insights into potential therapeutic avenues 

for lysosomal diseases. We believe these findings will facilitate the development 

of novel therapeutics for common and rare diseases with similar pathogenic 

cascades. This is particularly important in terms of translation and access to 

treatments. 
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