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Abstract

Duchenne muscular dystrophy (DMD) is caused by genetic mutations leading to lack of dys-

trophin in skeletal muscle. A better understanding of how objective biomarkers for DMD vary

across subjects and over time is needed to model disease progression and response to ther-

apy more effectively, both in pre-clinical and clinical research. We present an in-depth charac-

terization of disease progression in 3 murine models of DMD by multiomic analysis of

longitudinal trajectories between 6 and 30 weeks of age. Integration of RNA-seq, mass spec-

trometry-based metabolomic and lipidomic data obtained in muscle and blood samples by

Multi-Omics Factor Analysis (MOFA) led to the identification of 8 latent factors that explained

78.8% of the variance in the multiomic dataset. Latent factors could discriminate dystrophic

and healthy mice, as well as different time-points. MOFA enabled to connect the gene expres-

sion signature in dystrophic muscles, characterized by pro-fibrotic and energy metabolism

alterations, to inflammation and lipid signatures in blood. Our results show that omic observa-

tions in blood can be directly related to skeletal muscle pathology in dystrophic muscle.

Introduction

Duchenne muscular dystrophy (DMD) is an X-linked, recessively inherited neuromuscular

disorder caused by lack of dystrophin, the protein product of the DMD gene[1]. Multi-exon

deletions and duplications[2,3] are the most frequent mutation type, leading to a shift in the

reading frame and the presence of premature termination codons. Although rare, DMD affects

thousands of children world-wide[4–6]. Boys with DMD show delayed motor development,

and lose the ability to walk independently on average before the age of 12 [7]. Despite large

investments in the development of therapeutic compounds ranging from small drugs [8] up to

complex biologics [9], multiple drugs failed to show clinical benefit in clinical trials [10], and

only a few treatments made it to the market (with disputed efficacy) [11].

The lack of efficacy observed in unsuccessful clinical trials is due to factors such as low drug

potency and large variability in disease trajectories across patients, resulting in underpowered

clinical trials [10]. The short duration of clinical trials and the lack of surrogate endpoints able

to anticipate future clinical benefit further reduced the chance of trials being successful. How-

ever, not all failures are due to low drug potency and poor clinical trial designs: multiple
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failures can be traced back to the preclinical studies, where proof of concept studies have been

used to justify a study in human without clear efficacy in preclinical studies. It is therefore

important to be able to identify biomarkers that can be used to monitor disease progression and

drug efficacy in both preclinical and clinical settings [12–16]. Multiple groups have therefore

embarked in the identification of biomarkers that associate with disease progression, mostly

focusing on lowly- or non-invasive sample matrices such as serum and urine [17–21]. Biomark-

ers associated with increased odds of loss of ambulation have been identified in patients, along-

side with safety and efficacy biomarker related to treatment with corticosteroids [22,23].

Analysis of proteins, miRNAs and metabolites has been attempted to identify biomarkers able

to discriminate between mdx mice and WT animals [21,24–27] and between DMD patients and

healthy age-matched controls [28–30]. More recently, longitudinal proteomic studies have led

to the identification of biomarkers associated with exposure to drugs prescribed as standard of

care such as corticosteroids, as well as with patients performance over time [22,31,32].

However, preclinical studies published so far show a number of limitations. First, they

focused on a single omic direction (e.g., transcriptomics, proteomic or metabolomic), provid-

ing a limited understanding of how transcriptional changes relate to the downstream omic

observations such as protein and metabolites, which are more directly linked to phenotypic

observations. Second, the vast majority of studies focused on cross-sectional comparisons,

without providing an overall picture of how the gene expression, metabolites and lipids signa-

tures evolve over time. Finally, biomarker studies focused mostly on single sample matrices

such as plasma or serum or urine or muscle, omitting to explore correlation across omic fea-

tures between dystrophic muscles and more accessible biofluids.

To overcome these limitations, we designed a study where different omic readouts were

captured longitudinally and across tissues. This design aimed to achieve three goals: first, to

evaluate similarity of contemporary expression patterns across different omic layers (RNA,

metabolome and lipidome) and tissues (blood and muscle); second, to evaluate whether

changes over time are consistent across different omic layers (RNA, metabolome and lipi-

dome) in blood; third, to understand whether observations in muscle may be connected to

observations in blood. The study design included 3 different dystrophic mouse models and

healthy mice. We collected up to 5 measurements, spaced over 7 months, for each mouse, sig-

nificantly extending over the period typically taken as reference for pre-clinical development

of therapeutic compounds [33]. The study yielded 4 different omic datasets: RNA-seq of mus-

cle samples (1 sample per mouse), RNA-seq of blood samples, metabolomics of plasma sam-

ples, and lipidomics of plasma samples (up to 5 samples per mouse).

A separate characterization of each of these omic datasets has been presented in previous

publications [34–39]. Muscle RNA-seq showed that a considerable number of genes were dif-

ferentially expressed between WT mice and the three dystrophic groups [34,36]. We showed

how these genes related to the pathophysiological changes occurring in dystrophic muscle,

such as impaired energy metabolism, inflammation, fibrosis and tissue remodeling. Longitudi-

nal analysis of blood RNA-seq further revealed that differences between mouse groups were

stronger at week 6, where some overlap was observed with the pathways known to be affected

in muscle, and progressively decreased at later weeks [34]. The analysis of lipids in plasma

showed clear alterations in glycerolipids and glycerophospholipids and more specifically tri-

glycerides, perhaps connected to the fiber type shift observed in muscular dystrophies [38].

Finally, analysis of metabolites in plasma showed how energy metabolism (such as glutamine,

creatine) and muscle buffering (carnosine) are affected in dystrophic mice [35].

The results from those single-omic analyses naturally raise questions on which biological

observations are represented across multiple omics, and whether it is possible to identify com-

mons trends accounting for differences between mouse groups across the different omics and
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different disease phases. To address these questions, we applied Multi-Omics Factor Analysis

(MOFA) to the longitudinal multiomic dataset collected [40]. MOFA is a statistical method

that can be used to summarize large multiomic datasets with a small number of latent factors

(LFs) that retain as much of the variance of the original data as possible. Specifically, MOFA

estimates a set of LFs that are shared across multiple omic datasets, making it possible to iden-

tify sources of variation that are common to some or all of the omic sources. By applying

MOFA to our data, we were able to show the presence of common expression patterns and

trends both across different omics and between blood and muscle.

Materials and methods

Description of the experiment

Our experiment (Fig 1A) involved 40 mice belonging to 4 groups: wild type (WT), mdx, mdx+
+ and mdx+-. Mdx mice shared the same genetic background of WT mice (BL10), whereas

mice in the remaining groups carried either 1 (mdx+-) or 2 (mdx++) functional copies of the

utrophin paralog gene on a mixed genetic background. All mice were male and entered the

experiment at 4 weeks of age. Mice were kept in individually ventilated cages, fed ad libitum

with chow, and had free access to water. Blood samples were obtained via the tail vein at weeks

6, 12, 18 and 24, and from the eye at week 30; mice were fasted for 4 to 6 hours before sam-

pling. To alleviate discomfort after blood collection at 6, 12, 18 and 24 weeks, the tails were

treated with a lidocaine solution. For the 30 weeks blood collection, mice were anesthetized

using isoflurane before blood collection. Mice were then sacrificed by cervical dislocation after

the last blood sample was collected at 30 weeks of age, with the exception of a few mice that

had to be sacrificed before the end of the experiment in line with pre-specified humane end-

points. The tibialis anterior muscles were harvested and further analyzed by H&E staining and

RNA-sequencing. H&E staining was performed as previously described [41]. Representative

pictures of the H&E stained sections are presented in S1 Fig. The experiment was approved by

the local animal welfare committee (DierExperimentenCommissie Academisch Ziekenhuis

Leiden, protocol number 13154).

Generation of RNA-sequencing data, filtering and normalization

RNA was purified from the tibialis anterior muscle and from full blood (not cell free RNA)

obtained in RNeasy Protect Animal Blood Kit (Qiagen, Cat. N. 73224). For blood RNA, a glo-

bin depletion step was performed using GLOBINclear Kit for mouse/rat (Thermo Fisher, Cat.

N. AM1981). Sample preparation was performed using the TruSeq Poly-A v2 Kit (Illumina,

San Diego). The BIOPET Gentrap in-house pipeline was used to analyze the sequencing data.

Quality control was performed using FastQC and MultiQC. Data were aligned to the mouse

reference genome GRCm38 using STAR aligner version 2.3.0e with an average of 81.6% align-

ment ratio as previously described [34]. Before normalization, we filtered out lowly expressed

genes in each of the two datasets by retaining only genes with at least five counts per million

(cpms) in at least 10% of the samples. The data were subsequently normalized using the

Trimmed Mean of M values method [42] and converted to normalized cpms.

Generation and normalization of metabolite and lipid data

Analysis of metabolites and lipids was performed by liquid chromatography combined with

mass spectrometry (LC-MS). The preparation and acquisition of the metabolite and lipids lev-

els were previously described [35,38]. In short, plasma samples were introduced into a Tran-

scend 1250 LC (Thermo Fisher Scientific) fitted with a Sequant ZICpHILIC 5 μm, 2.1 × 150
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Fig 1. Overview of the multiomic data analysed in this article. A) Schematic representation of the experiment. WT, mdx, mdx++ and mdx

+- mice were monitored for 30 weeks. Blood samples were drawn every 6 weeks, allowing measurement of RNA, lipids and metabolites. At

week 30, mice were sacrificed and muscle samples drawn, allowing measurement of RNA expression in muscle. B) Weekly mean weight (in

grams) of the mouse groups, measured from week 5 to week 30. C-F) Heatmaps showing the distribution of blood RNA (panel C), muscle

RNA (panel D), lipids (panel E) and metabolites (panel F) across samples.

https://doi.org/10.1371/journal.pone.0283869.g001

PLOS ONE Multiomic characterization of disease progression in mice lacking dystrophin

PLOS ONE | https://doi.org/10.1371/journal.pone.0283869 March 31, 2023 4 / 21

https://doi.org/10.1371/journal.pone.0283869.g001
https://doi.org/10.1371/journal.pone.0283869


mm column (Merck) for the metabolite data, and a kinetex C8 2.6 μm 2.1 × 150 mm column

(Phenomenex) for the lipid data. This was then coupled to a Q-Exactive mass spectrometer

(Thermo Fisher Scientific) in both positive and negative ionization modes separately. Data

analysis (peak picking and features annotation) was performed using TraceFinder 3.1 (Thermo

Fisher Scientific) for the metabolites, and XCMS for the lipids. Both the metabolite and the

lipid data were normalized using the Probabilistic Quotient Normalization [43].

Multi-Omics Factor Analysis (MOFA)

Integration of the four omic datasets was performed using Multi-Omics Factor Analysis

(MOFA) [40]. In short, MOFA infers common latent factors (LFs) that are shared across dif-

ferent omic datasets, called views. More specifically, MOFA decomposes the data matrix Ym

for a given view m as follows:

Ym ¼ ZWm þ Em;

where Z contains the LFs that are shared across all views, Wm is a matrix of factor loadings that

are specific to each view and reflect the weight with which each of the molecules in view m
contribute to each LF, and Em is a matrix of error terms (S2 Fig).

To remove differences of scale between RNA-seq and mass spectrometry data, all genes,

metabolites and lipids in the different omic views were scaled to unit variance.

In theory, MOFA is able to handle missing data. However, the impossibility to measure both

blood RNA-seq and lipids and metabolites in samples from the same mouse led to a high propor-

tion of missing data; with such a high percentage of missing data points and lack of overlap in

samples between blood RNA-seq on the one hand and lipids and metabolites on the other hand,

it was impossible to achieve convergence of MOFA’s estimation algorithm. To address this

computational problem, we proceeded to match blood RNA-seq samples to metabolite and lipid

samples using the following matching variables: mouse identifier, mouse group and week of sam-

ple collection. When this matching led to the availability of two muscle RNA-samples collected at

the same time point, we averaged the normalized cpms of genes in muscle over the two samples.

Model training and selection

MOFA’s estimation algorithm requires the specification of an initial number of components,

of a random seed, and of a threshold on the percentage of variance explained by each compo-

nent that is used to drop components from the model. Different choices of these starting values

typically affect the number of factors at which the estimation algorithm converges. Addition-

ally, the non-convexity of the parameter space of MOFA models implies that model fits

obtained fits with the same number of components need to be compared to determine which

one has the highest Evidence Lower Bound (ELBO). In practice, these two issues raise the

problem of implementing a strategy for model selection.

To address this methodological issue, we considered eight different variance thresholds

(from 2% to 20%), and for each threshold we computed 100 model fits, each obtained from a

different random seed. This computation yielded 800 alternative model fits, with a number of

factors that ranged from 1 to 18. To perform model selection, we first grouped the model fits by

number of factors, and within each subgroup we selected the model with the highest ELBO. By

doing so, we obtained 18 model fits, each of which is the best model fit for a given number of

factors. Then, we compared these 18 models by drawing a line plot that shows the total percent-

age of variance explained by MOFA, and the percentages of variances explained in each view, as

a function of the number of factors (Fig 2B and 2C). In order to balance the complexity and

explanatory power of the model, we selected the MOFA model with 8 factors, as we observed
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not only that this model explained a large amount of the total variance (78.8%), but also that the

total percentage of variance explained started to level off when more than 8 factors are consid-

ered (Fig 2B). The factor loadings of the selected model are provided in S2 File.

Results

Experimental setup

We designed a longitudinal experiment (Fig 1A) involving wild type (WT) mice and three

groups of dystrophic mice (mdx, mdx utrn++, mdx utrn+-). Mice entered the experiment at 4

Fig 2. Summary of the multi-omics factor analysis. A) Data overview showing the number of samples (n) and molecules (d) available in each omic view. A

grey bar indicates that the sample is missing in the given omic view. B) Cumulative proportion of variance explained for MOFA fits with increasing number of

factors. C) Cumulative proportion of variance explained by omic view for MOFA fits with increasing number of factors. D) Total percentage of variance

explained (R2) by omic view (top), and percentage of variance explained by each latent factor in the different omic views (bottom) for the selected MOFA

model. E) Comparison of the distribution of the factor loadings across different omic views.

https://doi.org/10.1371/journal.pone.0283869.g002
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weeks of age. Starting from week 6, a blood sample was collected from each mouse every 6

weeks, up to week 30. With the exception of a few mice that had to be sacrificed before the end

of the experiment in line with pre-specified humane endpoints, most mice were sacrificed at

week 30; tibialis anterior muscle samples were collected from each sacrificed mouse. Dystro-

phic mice showed increased weight compared to healthy mice (Fig 1B), in line with previous

reports [41,44,45].

We employed mass spectrometry to measure the abundance of lipids and metabolites in

plasma samples, and RNA-seq to quantify gene expression in blood and muscle samples. A

total of 271 omic data points across the 4 omic views were included in the study. Visual inspec-

tion of the data across genotypes and time points with heatmaps showed less variation across

mice in the WT group compared to the other groups, and stronger dystrophic signatures for

the muscle RNA-seq and lipidomics views, while somewhat less signal was visible for metabo-

lites and blood RNA-seq (Fig 1C–1F).

Multiomic integration through multiomic factor analysis

In order to integrate the different omics with MOFA, we constructed 98 multiomic profiles by

matching samples in the 4 omic views by mouse identifier and week (Fig 2A). A total of 524

lipids, 106 metabolites, and 24450 genes were detected in the experiments. To ensure that the

metabolomic and lipidomic views were not underrepresented when fitting MOFA, we reduced

the number of genes in the two RNA-seq views, retaining only the 2500 genes that had larger

variance in each view. This selection was based on a robustness check of different MOFA fits

with 1000 genes, 2500 genes and with all of the expressed genes (i.e., all genes that were

retained after the filtering step). This robustness check showed that the total variance explained

by MOFA when all genes expressed in muscle and blood were included in the model was com-

parable to the one from models including only the top 2500 or top 1000 genes (S3 Fig). How-

ever, we observed that estimating MOFA with a larger number of genes in the blood and

muscle RNA-seq views led to a significant decrease in the percentage of variance explained in

the lipidomic and metabolomic views, without increasing the variance explained in the RNA-

seq views (S4 Fig). To ensure that the inferred multiomic factors could summarize sufficient

variance also for the omic views with less features, we therefore proceeded to interpret the

model estimated using the top 2500 genes expressed in blood and muscle RNA (Fig 2C).

To train and select a MOFA model, we considered several starting values and stopping cri-

teria, obtaining 800 model fits with a number of LFs that ranged from 1 to 18 (more details

provided in the Model Selection section). For each given number of LFs, we selected the model

with the largest ELBO. Models with different number of factors were compared by visualizing

the total percentage of variance explained by each model (Fig 2B), and the percentage of vari-

ance explained in each omic view (Fig 2C). The total percentage of variance explained by the

LFs was generally higher for the RNA-seq datasets, and lower for metabolites and lipids, irre-

spective of the number of components. This pattern is probably due to the higher variation

typically observed in RNA-seq datasets, as well as to the lower number of features in the lipido-

mic and metabolomic views.

After a steep increase in the explanatory power up to 8 LFs, the total percentage of variance

explained starts to level off (Fig 2B). In order to strike a balance between model complexity

and explanatory power, we thus selected the best MOFA model (largest ELBO) with 8 LFs,

which explains 78.8% of the total variance present in the multiomic dataset (see the Model

selection section for more details). The selected model explained 83.3% of the variance in the

muscle RNA-seq view, 88.1% in the blood RNA-seq view, 26.9% in the lipidomic view, and

12.5% in the metabolomic view (Table 1).
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Overview of the latent factors (LFs)

The percentage of variance explained in each omic view by the 8 LFs is presented in Table 1

and visualized in Fig 2D. LF1 and LF5 explain a non-negligible percentage of variance in each

omic view, and they can thus be seen as factors that are common to all views; together, they

explain 24.8% of the total variance. LF2, LF4 and LF7 are common to 3 omic views, whereas

the remaining factors are more specific to one (LF3 and LF8) or two (LF6) views. The fact that

most LFs explain variance across multiple omic views and are therefore not specific single

omic views provides an indication that data are rather strongly correlated across views, and

that it is possible to identify common patterns across the different omic views.

To understand how the LFs relate to the dystrophic phenotype and disease progression, we

proceeded to assess the relationship between the factor loadings and mouse group and time (Fig

3A and 3B, Tables 2 and 3). LF1 was found to be strongly associated both with mouse group (R2

= 0.335, adjusted p-value< 0.0001) and time (R2 = 0.434, adjusted p-value< 0.0001). LF4 and

LF5 were strongly associated with time (R2 = 0.374 and adjusted p-value< 0.0001 for LF4; R2 =

0.295 and adjusted p-value = 0.0129 for LF5). For the statistically significant differences

(adjusted p< 0.05) in Table 3, we further tested differences in the expected value of the LFs

between mouse groups and weeks (S2 File). As concerns LF1, differences were significant for

most pairs of groups; the only exception to this was mdx++ vs mdx+-, for which no significant

difference was found. Moreover, weeks 6 and 30 were found to be significantly different from

all other weeks, whereas no significant difference was found between weeks 12, 18 and 24. A

similar pattern with respect to week differences was observed for LF5. Instead, for LF4 the sig-

nificance of differences in mean between weeks increased as the distance between weeks

increased, consistently with the increasing pattern visible in Fig 3B. When considered jointly,

group and week explain 81.4% of the variability of LF1, 45.2% of the variability of LF4, and

44.5% of the variability of LF5 (Table 2). The increased variance explained by the model with

the interaction compared to the models with only main effects is suggestive of the extent to

which a latent factor may capture diverging trajectories between healthy and dystrophic mice,

and points out the importance of jointly considering time and mouse group when interpreting

the LFs. Because our interest lies both in the identification LFs that explain variability across

several omic views, and in relating such factors to the different dystrophic phenotypes (group)

and disease progression (time), hereafter we will focus our attention on LFs 1, 4 and 5.

Latent factors 1, 4 and 5 are associated with disease progression and a

dystrophic phenotype

LF1 separates rather well WT mice from mdx++ and mdx+-, with mdx mice laying in between

the other groups (Fig 3A). Thus, this factor captures both differences between healthy and

Table 1. Percentage of variance explained by each LF in each omic view.

Latent Factor Blood RNA Lipids Metabolites Muscle RNA Overall

1 4.7% 15.1% 4.6% 30.6% 17.2%

2 6.9% 2.1% 0.0% 25.7% 14.7%

3 33.1% 0.0% 0.5% 0.0% 14.7%

4 13.1% 6.4% 3.3% 0.0% 6.5%

5 7.1% 1.2% 3.6% 9.5% 7.6%

6 2.9% 0.0% 0.0% 15.5% 8.2%

7 8.6% 2.1% 0.5% 1.8% 4.8%

8 11.6% 0.0% 0.0% 0.2% 5.2%

Total 88.1% 26.9% 12.5% 83.3% 78.8%

https://doi.org/10.1371/journal.pone.0283869.t001
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dystrophic mice (WT vs the 3 dystrophic groups) and differences in genetic background (WT

and mdx vs mdx++ and mdx+- mice). Moreover, LF1 also separates samples gathered at week

6 from samples obtained at later time points (Fig 3B); this separation is interesting, as week 6

typically represents the phase of intense skeletal muscle damage and repair, which is followed

Fig 3. Latent space representation of the 8 MOFA factors. A) Beeswarm plots representing the distribution of each latent factor across the 4 mouse groups. B)

Beeswarm plots representing the distribution of each latent factor by week. C) Latent space representations of factors 1 and 5. The colour of dots denotes mouse

group, and the shape denotes the week of sampling. D) Latent space representations of factors 1 and 5. The colour of dots denotes week of sampling, and the

shape denotes mouse group.

https://doi.org/10.1371/journal.pone.0283869.g003
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by a stabilization of this; the fact that this separation is visible in our dataset despite the lack of

muscle samples at week 6 indicates that biomarkers of this phase, which primarily involves

muscle, can be observed in blood, and especially in the lipidomic view, which is the main

blood contributor to LF1 (Table 1 and Figs 2E and 3D).

LF5 is the other LF that explains a relevant percentage of variance in each view. This factor

is mostly linked to time, and mostly separates samples from dystrophic mice collected at week

6 from all the other data points (Table 2 and Fig 3A and 3B). Visualization of the multiomic

samples in the space defined by LF1 and LF5 shows that when considered jointly, the two LFs

can separate extremely well week 6 samples from dystrophic mice from the later samples from

dystrophic mice, as well as from all samples from WT mice (Fig 3C and 3D). Finally, LF4

appears to be positively correlated with time across all groups, reflecting a natural growth effect

between 6 and 30 weeks of age observed in all mice.

Multiomic dystrophic signature (LF1)

LF1 is the factor that best separates dystrophic mice from healthy ones (Fig 3A). This LF

explains a considerable percentage of variance in the muscle RNA-seq (30.6%) and lipid

(15.1%) views, and a relevant but lower percentage in the blood RNA-seq (4.7%) and metabo-

lomic (4.6%) views. Fig 4A shows the 20 molecules that more strongly contribute to LF1 in

each omic view. The large contribution of muscle RNAseq and lipidomic views to LF1 is

reflected in the heatmaps where a clear separation between dystrophic and healthy mice is visi-

ble in the muscle RNA-seq (Fig 4B) and in the lipidomic data at all time points (Fig 4D). In

blood RNA-seq group differences are mainly visible at early time points such as weeks 6 and

Table 2. Percentage of variance of each LF that is explained (R2) by mouse group (column 2), week (column 3), and by both mouse group and week (based on a lin-

ear model comprising interaction terms, column 4).

Latent Factor Variance explained by group Variance explained by week Variance explained by group*week

1 33.5% 43.4% 81.4%

2 9.0% 8.7% 36.0%

3 4.2% 6.2% 28.8%

4 2.7% 37.4% 45.2%

5 4.3% 29.5% 44.5%

6 3.2% 5.4% 17.4%

7 9.2% 3.3% 22.7%

8 2.8% 19.3% 36.2%

https://doi.org/10.1371/journal.pone.0283869.t002

Table 3. P-values and adjusted p-values for the F test of no difference in the mean of each LF between mouse groups and week.

Latent Factor Group differences Week differences

p-value BH adjusted p-value p-value BH adjusted p-value

1 < 0.0001 < 0.0001 < 0.0001 < 0.0001

2 0.0279 0.0743 0.4128 0.5504

3 0.2994 0.4791 0.5638 0.5638

4 0.4559 0.4856 0.0000 < 0.0001

5 0.2333 0.4667 0.0048 0.0129

6 0.3723 0.4856 0.1294 0.2070

7 0.0251 0.0743 0.1215 0.2070

8 0.4856 0.4856 0.5541 0.5638

https://doi.org/10.1371/journal.pone.0283869.t003
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12, where gene expression levels in dystrophic mice are higher compared to WT mice and to

later time points for almost all top 20 genes (Fig 4C). Differences between WT and dystrophic

mice can also be observed in the metabolomic view, even though the separation is less evident

in this view (Fig 4E).

To understand the information provided by LF1, we looked into the function of genes in

the muscle RNA-seq view and lipids that are more strongly associated with LF1. Genes con-

tributing to LF1 suggest that this factor captures the dystrophic phenotype. Multiple genes

with high loading in LF1 relate to muscular dystrophy with the Dmd gene ranking in top 100

genes, and all 3 Col6a genes (Col6a1, Col6a2 and Col6a3 genes) responsible for Ulrich muscu-

lar dystrophy are present in the top 40 genes in LF1 (S5 Fig). The association of LF1 with dys-

trophic muscle is further supported by the presence of genes that have been shown to be

histological biomarkers of muscle fibrosis, regeneration and inflammation/immune response.

Example of known fibrosis markers present in LF1 are Cola1, Cola2, Col3a1, Bgn, Fn1, Spp1
and Ftl1 genes [46–51]. Genes involved in muscle regeneration (Myl4, Mybph, Sparc, Gpx1,

Myod1 and Myog) and immune response (Lyz2, Spp1, Ctsb) were also represented in LF1 [52].

We further looked into whether the 883 genes whose loadings have absolute value above 2 had

previously been associated reported to be associated with neuromuscular disorder. After con-

verting the mouse gene IDs to human gene IDs with Biomart, we obtained a list of 840 genes.

82 of these 840 genes are known to cause neuromuscular conditions (S3 File). For the remain-

ing 758 genes, we checked whether they have been previously associated with muscular pheno-

types through Euretos; 257 genes have indeed previously reported to be associated with

muscular phenotypes, whereas the remaining 507 genes have not been associated with a mus-

cular phenotype so far (S4 File).

Pathway analysis confirmed the association of LF1 with dystrophic features with enrich-

ment for fibrotic (such as collagen fibril organization and extracellular matrix organization)

and mitochondrial processes (mitochondrial respiratory chain complex I assembly and respi-

ratory electron transport chain) together with pathways involving lipid metabolism (fatty acid

metabolic process, fatty acid beta-oxidation and lipid metabolic process; S6A and S7 Figs). To

understand whether the same genes in blood and muscle contribute to LF1, we compared the

loadings of LF1 for the genes that are shared by these 2 views. The correlation between load-

ings in the two views is extremely low, and directional changes are consistent only for part of

the genes such as Igfbp4, Col1a2 and Sparc (S8 Fig), supporting the use of Col1a2 and Sparc
blood gene expression as a proxy for muscle expression for the same genes. Pathway analysis

for the blood genes showed mostly the inflammatory component of the disease (S6B and S7

Figs).

The contribution of lipids metabolism evident in the gene expression signature is consistent

with the data in the lipidomic view, where glycerolipids (triacylglycerols and diacylglycerols)

and glycerophospholipids are the most abundant species among the lipids with high loadings

in this factor. Some sphingomyelins were also shown to be reduced in dystrophic mice plasma

compared to healthy controls in line with the reduced expression levels of sphingomyelin

synthase (Sgms1) in muscle (also loading high in LF1). Among the metabolites, the nicotin-

amide N-oxide (which relates to oxidation/reduction reactions, cell proliferation and fatty acid

oxidation) showed the highest loading. Pathway analysis of metabolites highlighted processes

connected to protein translation with pathways such as tRNA charging and aminoacyl-tRNA

biosynthesis, which could be connected to the effect of nicotinamide N-oxide reduction on cell

proliferation (S6C Fig). Despite being in the top 20 metabolites and a precursor of nicotin-

amide N-oxide synthesis, tryptophan levels did not seem to be related to the 6 weeks time

point.
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Fig 4. MOFA factor 1: Top 10 molecules by factor weight in each omic view. A) Factor 1 weights for the top 10 genes, lipids

and metabolites by factor weight in muscle RNA, blood RNA, lipids and metabolites. B-E) Heatmaps showing the distribution

of the top 10 molecules by factor weight in muscle RNA (panel B), blood RNA (panel C), lipids (panel D) and metabolites

(panel E) across samples.

https://doi.org/10.1371/journal.pone.0283869.g004
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Dynamic changes (LF5 and LF4)

Besides LF1, also LF4 and LF5 are associated with changes observed over time (Table 2 and Fig

3B). Specifically, the distribution of LF5 mostly differs at week 6, while LF4 exhibits an increas-

ing trend over time (Fig 3B). The two major contributors for LF5 are muscle RNA-seq (9.5%

of variance explained by LF5) and blood RNA-seq (7.1%), followed by metabolites (3.6%) and

lipids (1.2%). Regulation of muscle contraction was the only significant pathway in the muscle

RNA-seq (S7 Fig). Although muscle is the strongest contributor to LF5, the fact that most mus-

cle RNA-seq samples were obtained at week 30 makes it apparent that differences between

week 6 and the later weeks cannot be due to muscle samples; it is however possible that the

latent factor describes part of the dystrophic signature that is shared across blood and muscle

and that we capture in muscle only at 30 weeks because of our sampling strategy. Heatmaps

showed that the separation of the 6 weeks time points is mostly due to blood RNA-seq data

(Fig 5B–5E). The difference between week 6 and later time points is visible only in dystrophic

groups and absent in WT mice, so it is likely that genes contributing to this factor relate to the

disease rather than to a growth or early adulthood. Pathway analysis of blood RNA-seq

highlighted pathways previously connected to muscular dystrophies such as autophagy of

mitochondrion (S7 Fig). Heatmaps for the top 20 lipids and metabolites (Fig 5D and 5E)

showed that these views contribute more to the separation of the groups rather than to the 6

weeks time point separation. Pathway analysis did not highlight any significant pathway for

the metabolomic view, however top features included metabolite connected to the muscle buff-

ering capacity such as carnosine and metabolism of nucleotides. LF4 showed a linear relation-

ship with time. All omic views except for muscle contribute to LF4, with blood RNA-seq being

the single largest contributor. Interestingly, pathway analysis did not show any enrichment

across the omic views, suggesting that molecules contributing to this factor do not relate to

any pathological change, but are rather contributing to physiological activities such as growth.

Discussion

DMD is a progressive disease for which no cure is available despite heavy investment in the

drug development process. A large number of therapeutic compounds ranging from small

molecules to gene therapy have been tested in animal, especially in the mdx mouse. Despite

efforts to harmonize the experimental procedures to assess muscle performance with physio-

logic and functional tests, the variation in mice performance, differences in study design across

laboratories and lack of large confirmatory studies has resulted in a number drugs tested in

exploratory preclinical studies being tested in clinical settings [53,54]. The inclusion of objec-

tive biomarkers to assess drug efficacy in pre-clinical settings has been proposed as a mecha-

nism to improve the overall success of clinical trials where many failures have been observed

[53]. Failures may be the result of under-powered clinical trials or “noisy” outcome measures,

however stringent evaluation of drugs at the preclinical stage with objective readouts could

contribute to a better selection of medicinal products to be brought forward for clinical

development.

The mdx mouse is the most widely used model to test therapeutic compounds. Preclinical

studies are typically short with exposure to drugs starting early after birth (4–6 weeks of age)

and a typical duration of a few weeks. Although some studies in aged mdx mice have been

reported [55], they are much less represented in the literature. We therefore sought to deter-

mine what biological entities describe the dystrophic phenotype in mdx mice in the range of 6

to 30 weeks by studying the multiomic profile of mice over this time period with longitudinal

blood samples. We completed the sample set by including an additional 2 independent mouse

models that have a different gene dosage of the utrophin gene, a dystrophic paralog known to
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Fig 5. MOFA factor 3: Top 10 molecules by factor weight in each omic view. A) Factor 3 weights for the top 10 genes, lipids and

metabolites by factor weight in muscle RNA, blood RNA, lipids and metabolites. B-E) Heatmaps showing the distribution of the top 10

molecules by factor weight in muscle RNA (panel B), blood RNA (panel C), lipids (panel D) and metabolites (panel E) across samples.

https://doi.org/10.1371/journal.pone.0283869.g005
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partly compensate the dystrophic phenotype in mice. Omics such RNA-seq in the affected

muscle and blood were used to capture changes that are close to the genetic defect, while lipi-

domic and metabolomic data ensured to connect the genetics to the phenotypic changes.

Analysis of the multiomic data into the latent space inferred by MOFA allowed to identify

LF1 as best discriminator between dystrophic and healthy mice. The muscle RNA-seq signa-

ture here was the strongest component highlighting the fibrotic effects following lack of dys-

trophin; this omic view also highlighted dysregulated lipid metabolism. While the muscle data

were only available when mice were sacrificed at 30 weeks of age, blood RNA-seq, lipidomic

and metabolomic data were available early on in the experiment, confirming the strong signa-

ture apparent in blood as early as in 6 weeks old mice. The dystrophic signature is largely cap-

tured by LF1 starting with the affected Dmd gene loading high in LF1 along with several pro-

fibrotic genes (Col1a1, Col1a2, Col3a1, Fn1 and Spp1 to mention a few), regeneration markers

(Myl4, Mybph, Sparc, Igfpb7 and Gpx1) along with genes involved in inflammatory and

immune response (Lyz2, Spp1, Ctsb). A few genes involved in muscle regeneration such as

Sparc [56], protein synthesis such as Igfbp4 [57] and fibrosis such as Col1a2 [58] showed a

direct relationship in muscle and blood gene expression, enabling to connect blood expression

data to observations in muscle [58]. A number of genes with high loading in LF1 have been

previously reported both as causative and in association with other forms of neuromuscular

disorders. It would be interesting to compare the multi-omic profiles to identify disease spe-

cific as well as common patterns across different neuromuscular diseases. The lipid signature

visible by pathway analysis of the muscle RNA-seq data was mirrored in the lipidomic view,

which was the second largest contributor to LF1. Several glycerolipids and glycerophospholi-

pids contributed to the signature along with other lipids such as the reduction of a few sphin-

gomyelins, which is in line with the reduced gene expression levels of the sphingomyelin

synthase (also in LF1) in muscle as shown in the muscle RNA-seq. The lipidomic signature

peaked at the 6 weeks time point, marking the phase of intense muscle degeneration and

regeneration and remained elevated for the whole studied period. Assessing glycerolipids in

blood could therefore be a way to obtain information over the dystrophic phenotype in mus-

cle- also in view of the substitution of muscle with adipose tissue observed in DMD patients

but absent in mice unless lipid metabolism is further affected by the genetic ablation of the

ApoE gene in combination with high fat diet. There are unfortunately only a few reports on

lipid species in DMD patients, not allowing to compare the lipid metabolism in dystrophic

patients and mice. Finally, metabolites further contribute to LF1 especially with nicotinamide

N-oxide which is mostly reduced at the early stage of the disease. The reduction can relate to

the anti-proliferating activity of this compound [59], which if depleted could reduce the inhibi-

tion on cell proliferation and support intense muscle regeneration observed at this time point.

The low levels of nicotinamide N-oxide can also relate to the effects on electron transport as

also observed in the muscle RNA-seq dataset, as nicotinamide N-oxide is metabolized starting

from nicotinamide (a form of vitamin B3) by Cyp2e1 in the liver [60]. Indeed, nicotinamide is

the well-known precursor of NAD+/NADH involved in mitochondrial electron transport

chain. Nicotinamide N-oxide can also be related to the lipids signature as it has been con-

nected with obesity in mice [61] and type 2 diabetes [62]. Given that nicotinamide N-oxides

are antagonists of the CXCR2 receptor [63] and that CXCR2 ligands are over represented in

DMD [64], the apparent reduction in serum could relate to the anti-inflammatory action of

nicotinamide N-oxide during the early phase of the disease, which is then stabilized from week

12 onwards.

Two factors showed clear associations with time, namely LF4 and LF5. The association of

LF4 with time seem to relate with the physiologic growth ongoing in mice between 6 and 30

weeks, as no pathway stood out and no clear grouping effects were observed in the heatmaps
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of each omic view. The time effect in LF5 were present for the 6 weeks time point and more

heavily present in dystrophic mice especially in the blood RNA-seq view, where pathways such

as autophagy of mitochondrion stood out as they were previously shown to be affected in mdx
mice [65,66] but also in other forms of muscular dystrophy [67]. The metabolomic view

highlighted metabolites such as carnosine, creatine and alanine, which are connected to mus-

cle buffering and muscle energetics along with nucleotide metabolism. In this view it was espe-

cially interesting to see how patterns at 6 weeks were similar across all groups including

dystrophic and WT animals, marking a shared signature for the early time point which is then

markedly different in the follow up time points. The difference in progression is in line with

the added variance explained by the model with the interaction for LF5 which explained 10%

more variants compared to the models where only the main effects are present.

In our experimental design we included mdx++ and mdx+- mice alongside with mdx and

WT mice. The inclusion of these mice was decided based on a previous report that showed

how mdx+- mice performed significantly worse compared to mdx++ [41]. The inclusion of

these two groups was therefore aimed to identify molecular signatures that could be associated

with the increased phenotype severity observed in mdx+- mice. However, our results do not

offer evidence for a more severe signature in mdx+- mice compared to mdx++, suggesting that

either our approach is not sensitive enough to capture such differences, or the differences

between these mouse models are not as clear as previously anticipated.

A limitation of the study was the lack of muscle samples for the early time points to directly

compare the signature with the other omic views. However, it was not possible to obtain mus-

cle tissues at all time points with a longitudinal study design. Another limitation was the blood

volume that we were allowed to collect in mice every 6 weeks without affecting animal wellbe-

ing and without sacrificing the mice; the limited volume did not allow us to perform RNA-seq

and mass spectrometry analyses on each collected sample, forcing us to match mice to create

individual multiomic profiles.

Analysis of the data gathered in this study allowed us to show that it is possible identify

common trends that describe the dystrophic phenotype in mice in different omic views.

MOFA allowed us to identify genes, metabolites and lipids that may be used to monitor early

on in the disease progression, and serve as objective readouts to drug developers to advance

therapeutic strategies for DMD.
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S1 Fig. Representative images of H&E staining performed on tibialis anterior muscle of

wt, mdx, mdx utrn++ and mdx utrn+- mice. Image acquisition was performed at 5X (top

panels) and 20X (bottom panel) magnification.

(PDF)

S2 Fig. Graphical representation of MOFA’s matrix decomposition of the data in each

view into the product of a view-specific matrix of factor loadings and a matrix of shared

latent factors.

(PDF)

S3 Fig. Percentage of total variance explained versus number of LFs for MOFA models fitted

including the top 1000 (left) or 2500 (center) genes by variance in blood and muscle RNA seq,

or all expressed genes (11243 in muscle and 10349 in blood; right).

(PDF)

S4 Fig. Comparison of the percentage of variance explained in the 4 omic views versus num-

ber of LFs for MOFA models fitted including the top 1000 (left) or 2500 (center) genes by
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variance in blood and muscle RNA seq, or all expressed genes (11243 in muscle and 10349 in

blood; right).
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S5 Fig. Expression levels of Col6a1, Col6a2 and Col6a3 across mice groups in the muscle

RNA-seq view.

(PDF)

S6 Fig. Principal component gene set enrichment analysis of LF1 in blood RNA (panel A),

muscle RNA (panel B) and metabolites (panel C).

(PDF)

S7 Fig. Heatmap of the log-p values of gene sets by factor obtained from the PCGSEA of the

GO BP gene ontology in muscle RNA (panel A) and blood RNA (panel B).

(PDF)

S8 Fig. Comparison of the factor loadings for LF1 in muscle RNA and serum RNA.

(PDF)

S1 File. Factor loadings from the fitted MOFA model.

(XLSX)

S2 File. Results of the hypothesis tests on difference in mean of each latent factor across

mouse groups and between weeks. Adjusted p-values are obtained using Benjamini-Hoch-

berg’s method.

(XLSX)

S3 File. List of 82 genes previously reported to be associated with neuromuscular disorder

among the muscle genes with factor loadings whose absolute value is above 2.
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S4 File. List of 501 genes with factor loadings whose absolute value is above 2 that have not

been reported to be associated with muscular phenotypes so far.
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data).
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46. Piñol-Jurado P, Suárez-Calvet X, Fernández-Simón E, Gallardo E, De La Oliva N, Martı́nez-Muriana A,

et al. Nintedanib decreases muscle fibrosis and improves muscle function in a murine model of dystro-

phinopathy. Cell Death Dis. 2018;9. https://doi.org/10.1038/s41419-018-0792-6 PMID: 29991677

47. Amenta AR, Yilmaz A, Bogdanovich S, McKechnie B a, Abedi M, Khurana TS, et al. Biglycan recruits

utrophin to the sarcolemma and counters dystrophic pathology in mdx mice. Proc Natl Acad Sci U S A.

2011; 108: 762–767. https://doi.org/10.1073/pnas.1013067108 PMID: 21187385

48. Fadic R, Mezzano V, Alvarez K, Cabrera D, Holmgren J, Brandan E. Increase in decorin and biglycan in

Duchenne muscular dystrophy: Role of fibroblasts as cell source of these proteoglycans in the disease.

J Cell Mol Med. 2006; 10: 758–769. https://doi.org/10.1111/j.1582-4934.2006.tb00435.x PMID:

16989735

49. Cynthia Martin F, Hiller M, Spitali P, Oonk S, Dalebout H, Palmblad M, et al. Fibronectin is a serum bio-

marker for D uchenne muscular dystrophy. PROTEOMICS–Clin Appl. 2014; 8: 269–278. https://doi.

org/10.1002/prca.201300072 PMID: 24458521

50. Bello L, Pegoraro E. The “Usual Suspects”: Genes for Inflammation, Fibrosis, Regeneration, and Mus-

cle Strength Modify Duchenne Muscular Dystrophy. J Clin Med. 2019; 8: 649. https://doi.org/10.3390/

jcm8050649 PMID: 31083420

51. Morales MG, Acuña MJ, Cabrera D, Goldschmeding R, Brandan E. The pro-fibrotic connective tissue

growth factor (CTGF/CCN2) correlates with the number of necrotic-regenerative foci in dystrophic mus-

cle. J Cell Commun Signal. 2018; 12: 413–421. https://doi.org/10.1007/s12079-017-0409-3 PMID:

28887614

PLOS ONE Multiomic characterization of disease progression in mice lacking dystrophin

PLOS ONE | https://doi.org/10.1371/journal.pone.0283869 March 31, 2023 20 / 21

https://doi.org/10.1517/14712598.2011.579098
https://doi.org/10.1517/14712598.2011.579098
http://www.ncbi.nlm.nih.gov/pubmed/21510827
https://doi.org/10.15252/emmm.202013328
http://www.ncbi.nlm.nih.gov/pubmed/33751844
https://doi.org/10.1093/hmg/ddz309
http://www.ncbi.nlm.nih.gov/pubmed/32025735
https://doi.org/10.1093/bib/bbz074
http://www.ncbi.nlm.nih.gov/pubmed/31297505
https://doi.org/10.1002/sim.8957
http://www.ncbi.nlm.nih.gov/pubmed/33768548
https://doi.org/10.1038/s41598-021-92406-6
http://www.ncbi.nlm.nih.gov/pubmed/34155298
https://doi.org/10.1177/1471082X20936017
https://doi.org/10.1177/1471082X20936017
https://doi.org/10.15252/msb.20178124
https://doi.org/10.15252/msb.20178124
http://www.ncbi.nlm.nih.gov/pubmed/29925568
https://doi.org/10.1016/j.nmd.2011.10.011
http://www.ncbi.nlm.nih.gov/pubmed/22284942
https://doi.org/10.1186/gb-2010-11-3-r25
http://www.ncbi.nlm.nih.gov/pubmed/20196867
https://doi.org/10.1021/ac051632c
http://www.ncbi.nlm.nih.gov/pubmed/16808434
https://doi.org/10.14814/phy2.12391
http://www.ncbi.nlm.nih.gov/pubmed/25921779
https://doi.org/10.1016/j.bcp.2018.04.022
https://doi.org/10.1016/j.bcp.2018.04.022
http://www.ncbi.nlm.nih.gov/pubmed/29684379
https://doi.org/10.1038/s41419-018-0792-6
http://www.ncbi.nlm.nih.gov/pubmed/29991677
https://doi.org/10.1073/pnas.1013067108
http://www.ncbi.nlm.nih.gov/pubmed/21187385
https://doi.org/10.1111/j.1582-4934.2006.tb00435.x
http://www.ncbi.nlm.nih.gov/pubmed/16989735
https://doi.org/10.1002/prca.201300072
https://doi.org/10.1002/prca.201300072
http://www.ncbi.nlm.nih.gov/pubmed/24458521
https://doi.org/10.3390/jcm8050649
https://doi.org/10.3390/jcm8050649
http://www.ncbi.nlm.nih.gov/pubmed/31083420
https://doi.org/10.1007/s12079-017-0409-3
http://www.ncbi.nlm.nih.gov/pubmed/28887614
https://doi.org/10.1371/journal.pone.0283869


52. Heezen L, Abdelaal T, Van Putten M, Aartsma-Rus A, Mahfouz A, Spitali P. Spatial transcriptomics

reveal markers of histopathological changes in Duchenne muscular dystrophy mouse models. bioRxiv.

2022.

53. Willmann R, Buccella F, De Luca A, Grounds MD, Versnel J, Vroom E, et al. 227th ENMC International

Workshop:: Finalizing a plan to guarantee quality in translational research for neuromuscular diseases

Heemskerk, Netherlands, 10–11 February 2017. Neuromuscul Disord. 2018; 28: 185–192. https://doi.

org/10.1016/j.nmd.2017.11.002 PMID: 29361397

54. Gordish-Dressman H, Willmann R, Pazze LD, Kreibich A, Van Putten M, Heydemann A, et al. “Of Mice

and Measures”: A Project to Improve How We Advance Duchenne Muscular Dystrophy Therapies to

the Clinic First Workshop Report: Examining current findings and opportunities around the emerging

D2.B10-Dmd mdx /J (D2/mdx) model in context of the classic C57BL/10ScSn-Dmd mdx /J (Bl10/mdx).

J Neuromuscul Dis. 2018; 5: 407–417. https://doi.org/10.3233/JND-180324 PMID: 30198876

55. Vitiello L, Bassi N, Campagnolo P, Zaccariotto E, Occhi G, Malerba A, et al. In vivo delivery of naked

antisense oligos in aged mdx mice: Analysis of dystrophin restoration in skeletal and cardiac muscle.

Neuromuscul Disord. 2008; 18: 597–605. https://doi.org/10.1016/j.nmd.2008.05.011 PMID: 18602263

56. Jørgensen LH, Jepsen PL, Boysen A, Dalgaard LB, Hvid LG,Ørtenblad N, et al. SPARC Interacts with

Actin in Skeletal Muscle in Vitro and in Vivo. Am J Pathol. 2017; 187: 457–474. https://doi.org/10.1016/j.

ajpath.2016.10.013 PMID: 27908613

57. Haslett JN, Sanoudou D, Kho AT, Bennett RR, Greenberg S a, Kohane IS, et al. Gene expression com-

parison of biopsies from Duchenne muscular dystrophy (DMD) and normal skeletal muscle. Proc Natl

Acad Sci U S A. 2002; 99: 15000–15005. https://doi.org/10.1073/pnas.192571199 PMID: 12415109

58. Smith LR, Hammers DW, Sweeney HL, Barton ER. Increased collagen cross-linking is a signature of

dystrophin-deficient muscle. Muscle Nerve. 2016; 54: 71–78. https://doi.org/10.1002/mus.24998 PMID:

26616495

59. Iwata K, Ogata S, Okumura K, Taguchi H. Induction of differentiation in human promyelocytic leukemia

HL-60 cell line by niacin-related compounds. Biosci Biotechnol Biochem. 2003; 67: 1132–1135. https://

doi.org/10.1271/bbb.67.1132 PMID: 12834294

60. Real AM, Hong S, Pissios P. Nicotinamide N -Oxidation by CYP2E1 in Human Liver Microsomes. Drug

Metab Dispos. 2013; 41: 550–553. https://doi.org/10.1124/dmd.112.049734 PMID: 23418369

61. Jung J-Y, Kim I-Y, Kim Y-N, Kim J-S, Shin J-H, Jang Z-H, et al. 1 H NMR-based metabolite profiling of

diet-induced obesity in a mouse mode. BMB Rep. 2012; 45: 419–424. https://doi.org/10.5483/bmbrep.

2012.45.7.248 PMID: 22831978

62. Zhou S-S, Li D, Sun W-P, Guo M, Lun Y-Z, Zhou Y-M, et al. Nicotinamide overload may play a role in

the development of type 2 diabetes. World J Gastroenterol. 2009; 15: 5674. https://doi.org/10.3748/wjg.

15.5674 PMID: 19960564

63. Cutshall NS, Ursino R, Kucera KA, Latham J, Ihle NC. Nicotinamide N -Oxides as CXCR2 antagonists.

Bioorg Med Chem Lett. 2001; 11: 1951–1954. https://doi.org/10.1016/s0960-894x(01)00326-2 PMID:

11459668

64. De Paepe B, Creus KK, Martin J-J, De Bleecker JL. Upregulation of chemokines and their receptors in

duchenne muscular dystrophy: potential for attenuation of myofiber necrosis. Muscle Nerve. 2012; 46:

914–916. https://doi.org/10.1002/mus.23481 PMID: 23225384

65. Spitali P, Grumati P, Hiller M, Chrisam M, Aartsma-Rus A, Bonaldo P. Autophagy is Impaired in the

Tibialis Anterior of Dystrophin Null Mice. PLoS Curr. 2013; 5: 1–12. Available: http://www.ncbi.nlm.nih.

gov/pmc/articles/PMC3839594/%5Cnhttp://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=

3839594&tool=pmcentrez&rendertype=abstract. https://doi.org/10.1371/currents.md.

e1226cefa851a2f079bbc406c0a21e80 PMID: 24292657

66. De Palma C, Morisi F, Cheli S, Pambianco S, Cappello V, Vezzoli M, et al. Autophagy as a new thera-

peutic target in Duchenne muscular dystrophy. Cell Death Dis. 2012;3. https://doi.org/10.1038/cddis.

2012.159 PMID: 23152054

67. Grumati P, Coletto L, Sabatelli P, Cescon M, Angelin A, Bertaggia E, et al. Autophagy is defective in col-

lagen VI muscular dystrophies, and its reactivation rescues myofiber degeneration. Nat Med. 2010; 16:

1313–1320. https://doi.org/10.1038/nm.2247 PMID: 21037586

PLOS ONE Multiomic characterization of disease progression in mice lacking dystrophin

PLOS ONE | https://doi.org/10.1371/journal.pone.0283869 March 31, 2023 21 / 21

https://doi.org/10.1016/j.nmd.2017.11.002
https://doi.org/10.1016/j.nmd.2017.11.002
http://www.ncbi.nlm.nih.gov/pubmed/29361397
https://doi.org/10.3233/JND-180324
http://www.ncbi.nlm.nih.gov/pubmed/30198876
https://doi.org/10.1016/j.nmd.2008.05.011
http://www.ncbi.nlm.nih.gov/pubmed/18602263
https://doi.org/10.1016/j.ajpath.2016.10.013
https://doi.org/10.1016/j.ajpath.2016.10.013
http://www.ncbi.nlm.nih.gov/pubmed/27908613
https://doi.org/10.1073/pnas.192571199
http://www.ncbi.nlm.nih.gov/pubmed/12415109
https://doi.org/10.1002/mus.24998
http://www.ncbi.nlm.nih.gov/pubmed/26616495
https://doi.org/10.1271/bbb.67.1132
https://doi.org/10.1271/bbb.67.1132
http://www.ncbi.nlm.nih.gov/pubmed/12834294
https://doi.org/10.1124/dmd.112.049734
http://www.ncbi.nlm.nih.gov/pubmed/23418369
https://doi.org/10.5483/bmbrep.2012.45.7.248
https://doi.org/10.5483/bmbrep.2012.45.7.248
http://www.ncbi.nlm.nih.gov/pubmed/22831978
https://doi.org/10.3748/wjg.15.5674
https://doi.org/10.3748/wjg.15.5674
http://www.ncbi.nlm.nih.gov/pubmed/19960564
https://doi.org/10.1016/s0960-894x%2801%2900326-2
http://www.ncbi.nlm.nih.gov/pubmed/11459668
https://doi.org/10.1002/mus.23481
http://www.ncbi.nlm.nih.gov/pubmed/23225384
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC3839594/%5Cnhttp://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3839594&tool=pmcentrez&rendertype=abstract
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC3839594/%5Cnhttp://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3839594&tool=pmcentrez&rendertype=abstract
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC3839594/%5Cnhttp://www.pubmedcentral.nih.gov/articlerender.fcgi?artid=3839594&tool=pmcentrez&rendertype=abstract
https://doi.org/10.1371/currents.md.e1226cefa851a2f079bbc406c0a21e80
https://doi.org/10.1371/currents.md.e1226cefa851a2f079bbc406c0a21e80
http://www.ncbi.nlm.nih.gov/pubmed/24292657
https://doi.org/10.1038/cddis.2012.159
https://doi.org/10.1038/cddis.2012.159
http://www.ncbi.nlm.nih.gov/pubmed/23152054
https://doi.org/10.1038/nm.2247
http://www.ncbi.nlm.nih.gov/pubmed/21037586
https://doi.org/10.1371/journal.pone.0283869

