
Open Access

© The Author(s) 2025. Open Access  This article is licensed under a Creative Commons Attribution-NonCommercial-NoDerivatives 4.0 
International License, which permits any non-commercial use, sharing, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons licence, and indicate if you 
modified the licensed material. You do not have permission under this licence to share adapted material derived from this article or parts of 
it. The images or other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise 
in a credit line to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted 
by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy 
of this licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by-​nc-​nd/4.​0/.

RESEARCH

Zhang et al. Genome Biology          (2025) 26:106  
https://doi.org/10.1186/s13059-025-03520-x

Genome Biology

Multi-ancestry whole genome sequencing 
analysis of lean body mass
Xiaoyu Zhang1*†, Kuan‑Jui Su2*†, Bodhisattwa Banerjee3†, Ittai Eres4†, Yi‑Hsiang Hsu5, Carolyn J. Crandall6, 
Rajashekar Donaka7, Zhe Han8, Rebecca D. Jackson9^, Hanhan Liu8, Zhe Luo2, Braxton D. Mitchell8, Chuan Qiu2, 
Qing Tian2, Hui Shen2, Ming‑Ju Tsai5, Kerri L. Wiggins10, Hanfei Xu1, Michelle Yau5, Lan‑Juan Zhao2, Xiao Zhang2, 
May E. Montasser8, Douglas P. Kiel5†, Hong‑Wen Deng2†, Ching‑Ti Liu1*† and David Karasik5,7*†    

Abstract 

Background:  Lean body mass is a crucial physiological component of body composi-
tion. Although lean body mass has a high heritability, studies evaluating the genetic 
determinants of lean mass (LM) have to date been limited largely to genome-wide 
association studies (GWAS) and common variants. Using whole genome sequencing 
(WGS)-based studies, we aimed to discover novel genetic variants associated with LM 
in population-based cohorts with multiple ancestries.

Results:  We describe the largest WGS-based meta-analysis of lean body mass to date, 
encompassing 10,729 WGS samples from six TOPMed cohorts and the Louisiana 
Osteoporosis Study (LOS) cohort, measured with dual-energy X-ray absorptiometry. 
We identify seven genome-wide loci significantly associated with LM not reported 
by previous GWAS. We partially replicate these associations in UK Biobank samples. In 
rare variant analysis, we discover one novel protein-coding gene, DMAC1, associated 
with both whole-body LM and appendicular LM in females, and a long non-coding 
RNA gene linked to appendicular LM in males. Both genes exhibit notably high expres-
sion levels in skeletal muscle tissue. We investigate the functional roles of two novel 
lean-mass-related genes, EMP2 and SSUH2, in animal models. EMP2 deficiency in Dros-
ophila leads to significantly reduced mobility without altering muscle tissue or body 
fat morphology, whereas an SSUH2 gene mutation in zebrafish stimulates muscle fiber 
growth.

Conclusions:  Our comprehensive analysis, encompassing a large-scale WGS meta-
analysis and functional investigations, reveals novel genomic loci and genes associ-
ated with lean mass traits, shedding new insights into pathways influencing muscle 
metabolism and muscle mass regulation.
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Background
Lean body mass (LM), which includes but is not limited to the body’s muscle mass, 
serves as an important physiological component of body composition. Low lean body 
mass reflects a lower amount of muscle tissue, which is associated with functional 
impairment and physical disability and is a major modifiable cause of frailty in the 
elderly population [1]. Low lean body mass is also associated with higher surgical and 
post-operative complications, longer length of hospital stay, lower physical function, 
poorer quality of life [2], malnutrition [3], and mortality [2, 4], which makes it an 
important measure in clinical practice. Lean mass can be measured by dual-energy 
X-ray absorptiometry (DXA) or bioelectrical impedance analysis (BIA). Two meas-
urements of LM are usually reported: whole-body lean mass (WB-LM) and appen-
dicular LM (A-LM), the latter being the lean mass in the arms and legs. While A-LM 
consists largely of skeletal muscle as well as some other connective tissues, WB-LM 
is determined by skeletal muscle, parenchymatous organs, cardiac muscle, and blood 
vessels. Studying both WB-LM and A-LM provides a comprehensive understanding 
of image-based markers of muscle health by capturing systemic and limb-specific 
changes. Specifically, A-LM may better reflect muscle mass because the limbs have 
fewer organs included in the lean mass derivation. Additionally, WB-LM provides 
a more complete picture of overall body composition. This dual approach enhances 
the assessment of body composition and offers robust insights into sarcopenia and 
related health outcomes.

Lean body mass has a significant genetic component, as evidenced by a high her-
itability of 50–80% observed in twins and in families studies [5]. To identify vari-
ants associated with this phenotype, we previously performed a large meta-analysis 
of GWASs that amassed 20 cohorts of European ancestry with a total sample size 
of > 38,000 for WB-LM and > 28,000 for A-LM [6]. Despite the large sample used, the 
percentage of phenotypic variance explained by the identified SNPs was very small, 
suggesting that common variants do not explain most of the heritability of lean body 
mass. A more recent GWAS of A-LM, conducted in 85,750 middle-aged (aged 38–49 
years) individuals from the UK Biobank (UKBB) [7], identified a total of 182 loci, 
78% of which were replicated in an independent set of 181,862 older (aged 60–74 
years) individuals from the same UKBB cohort [1]. Pei et al. [1] performed a GWAS 
of A-LM in the full UKBB European-descent cohort and identified > 1000 independ-
ent variants meeting genome-wide significance. Although GWAS have identified loci 
associated with WB-LM and A-LM, they are not designed to identify novel rare varia-
tions that may have larger effect sizes than common variants. Also, most GWAS were 
conducted in populations of European-descent and have limited coverage of variants 
uncommon in European ancestry populations. Furthermore, sex-specific analyses 
have not been extensively explored in these studies, potentially overlooking impor-
tant genetic differences between sexes.

Here we aimed to achieve a better understanding of the genetic etiology of muscle 
mass by attempting to discover novel genetic variants associated with lean mass. We 
postulated that deep whole genome sequencing performed in population-based cohorts 
with multiple ancestries may provide new insights into pathways influencing muscle 
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metabolism and muscle integrity regulation. This knowledge in turn is important to 
identify druggable targets and/or predict adverse effects of treatments [8].

Results
Single‑variant association, conditional, and replication analysis

Meta-analysis was performed for ~ 45,000,000 SNPs in the discovery sample 
(n = 10,726 for WB-LM and 10,672 for A-LM), as well as for sex-specific subgroups 
(Table 1). The genomic inflation factors ranged from 0.9953 to 1.0023, indicating suf-
ficient control of population stratification and relatedness (Additional file 2: Fig. S1). 
In total, we identified seven genomic loci that were genome-wide significantly asso-
ciated with LM (p < 5 × 10−8), five (ENSG00000233359, LINC01661/PRMT6, EMP2, 
ZCCHC14-DT, PA2G4P2/LINC01722) for WB-LM and two (SSUH2, RCC2P8/
COL25A1) for A-LM (Table  2, Additional file  2: Figs. S2 and S3). Two of these loci 
(LINC01661/PRMT6 and RCC2P8/COL25A1) were sex-specific signals, LINC01661/
PRMT6 was identified from WB-LM female analysis, and RCC2P8/COL25A1 was 
identified from A-LM male analysis. Among these seven identified loci, there were 12 
genome-wide significant variants for WB-LM and 3 genome-wide significant variants 
for A-LM (Additional file 3: Table S1). All of our identified genome-wide significant 
loci were conditionally distinct based on our stepwise conditional analysis (Additional 
file 3: Tables S2–S7). Only one of our identified loci, SSUH2, had a previously reported 
variant (rs6763944, associated with A-LM in a GWAS study [1]) nearby within a ± 0.5 
Mb range. After conditioning on the previously known signal, SSUH2 remained 
genome-wide significant (Additional file 3: Table S8). Therefore, all of our identified 
genome-wide significant loci were novel. For the UKBB replication samples, one lead 
variant (rs140266099) from our identified locus, RCC2P8/COL25A, reached nominal 
significance (i.e., p < 0.05) using the imputed SNP-Chip data (Table  2). After meta-
analysis with UKBB, all variants (rs116652927, rs79764157, rs77796060, rs182466396, 

Table 1  Study characteristics

N: sample size of WB-LM (sample size of A-LM)
# : mean (standard deviation); results are based on the larger sample size which is WB-LM

Age is in years, height is in cm, and weight, total fat, WB-LM, and A-LM are in kg

Amish: Amish Cohort; CHS: Cardiovascular Health Study; FHS: Framingham Heart Study; SAFOS: San Antonio Family 
Osteoporosis Study; WHI: Women’s Health Initiative; LOS: Louisiana Osteoporosis Study; UKBB (WGS): UK Biobank for WGS 
samples; UKBB (SNP-Chip): UK Biobank for imputed genotype samples

Study Discovery Replication

Amish CHS FHS SAFOS WHI LOS UKBB 
(WGS)

UKBB (SNP-
Chip)

N 484 (478) 1054 2863 409 (361) 934 4982 1115 4720

Female (%) 0.523 0.59 0.592 0.619 1 0.502 0.529 0.522

Age# 55.2 (14.9) 76.4 (4.7) 56.7 (13.0) 41.1 (15.7) 66.4 (6.8) 39.2 (11.2) 55.7 (7.6) 55.73 (7.6)

Height# 165.0 (8.9) 164.3 (9.4) 166.9 (9.6) 162.1 (9.1) 161.3 (6.0) 169.8 (9.2) 169.2 (9.2) 169.4 (9.2)

Weight# 75.1 (14.1) 72.9 (13.9) 75.6 (16.2) 78.8 (18.5) 74.1 (15.6) 79.8 (20.1) 77.1 (15.7) 77.3 (15.2)

Total fat# 21.8 (9.5) 26.9 (9.8) 26.7 (9.9) 30.9 (12.7) 32.8 (11.4) 24.8 (12.2) 25.9 (9.8) 26.0 (9.4)

WB-LM# 50.8 (10.5) 44.4 (10.1) 45.5 (11.2) 47.8 (11.8) 38.0 (5.6) 55.0 (12.3) 47.2 (10.0) 47.3 (9.8)

A-LM# 22.4 (5.7) 18.1 (5.0) 19.9 (5.7) 19.2 (6.0) 14.9 (2.9) 24.7 (6.3) 21.3 (5.3) (5.2)
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and rs140266099) remained genome-wide significant, excluding two variants that 
were not available in the replication samples (Table 2).

Rare variants aggregated association and replication analysis

We applied five strategies for grouping QC-passed rare variants with minor allele fre-
quency (MAF) ≤ 1% for both lean mass phenotypes to assess the cumulative effect of 
rare variants within a specific region. A total of three loci were significantly associ-
ated with LM (p < Bonferroni corrected p value) (Table 3). All of them were identified 
through sex-stratified analysis. One protein coding gene DMAC1 was identified from 
both WB-LM and A-LM female samples. The other lncRNA gene ENSG00000273183 
was selected based on A-LM male samples. The two identified genes were also highly 
expressed in skeletal muscle tissue based on GTEx portal data [9]. However, despite this 
observation, they were not replicated in the UKBB samples.

Functional annotation using multi‑omics data with bioinformatics approaches

Sixty variants were found with LD greater than 0.7 as outlined in Additional file  3: 
Table S6. Among them, five variants were located in regions relevant to enhancers spe-
cific to hMSC, myotubes, and myoblasts cell types, including rs138235889, rs138353434, 
rs181902470, rs1169376222, and rs187757389 (Additional file 3: Table S9). Through cell-
type specific Hi-C data, enhancer-promoter interactions among these five variants were 
explored, which led to the identification of five genes likely regulated by the five variants, 
namely FBXO31, MAP1LC3B, ZCCHC14, ETNPPL, and C16orf95 (Additional file  3: 
Table S10).

For the Gene Ontology (GO) and pathway enrichment analysis, four genes, namely 
EMP2, PRMT6, COL25A1, and SSUH2, were mapped to a total of 86 GO terms. Out of 
these, 29 GO terms and two pathways showed a statistically significant association with 
three of the four genes, EMP2, PRMT6, and COL25A1, with an adjusted p value ≤ 0.05 
(Additional file 2: Fig. S4, Additional file 3: Tables S11 and S12). For the transcription 
factor binding sites (TFBS) annotation, we have observed that rs183684601, which is in 
high LD with rs182466396 (annotated as near gene SSUH2), is overlapping with open 
chromatin histone protein (H3) lysine (K) 27 acetylation (H3K27ac), enhancer chroma-
tin H3K4-monomethylation (H3K4me1), and CCCTC-binding factor (CTCF) binding in 
muscle-relevant cells [10] among the seven variants related to LM (Additional file 2: Fig. 
S4, Additional file  3: Tables S11 and S12). Moreover, TRANSFAC identified two pre-
dicted allele-specific TFBSs for SNP rs183684601, where Kruppel-like factor 6 (KLF6) is 
predicted to bind at its reference allele, G, and helicase-like transcription factor (HLTF) 
is predicted to bind at its alternative allele, A [11]. Also, another SNP rs113293310, 
which is a proxy for rs182466396, is also annotated with histone modification marks and 
chromatin states in muscle-relevant cells, but with no predicted TFBS for either allele.

Functional validation through animal models

We prioritized two genes based on the following reasoning: one, EMP2 (modeled in 
Drosophila), was selected because the sentinel SNP was a missense coding variant; the 
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other, SSUH2 (modeled in zebrafish), was a causal gene for myopathy, distal, Tateyama 
type, and rippling muscle disease 2. While the conservation score was low (2 on DIOPT 
v8.0, sequence similarity = 43%), the protein encoded by Drosophila CG4984 is consid-
ered to be the major ortholog of human EMP2 by containing the claudin (= PMPP2) 
domain of EMP2, supported by two protein databases (Panther [12] and PhylomeDB 
[13]).

Drosophila model

Silencing CG4984, homolog of EMP2, in Drosophila muscle reduced mobility 

at the larval‑pupal‑adult stages.

Mobility is an important feature of both larval and adult flies. Typical Drosophila lar-
vae move away from each other, known as horizontal movement. However, this move-
ment was reduced in the CG4984-silenced flies (Fig. 1A). At the end of the 3rd instar, 
typical larvae will climb up the vial wall and spread out to become pupae. However, the 
CG4984-silenced flies could not climb to the higher vial wall, thus all the pupae located 
at the lower region. Pupation height as a reflection of the climbing muscle function; 
therefore, quantification of the height between each pupa and the food surface level in 
the vial showed that the average pupation height was significantly reduced (Fig.  1B). 
In adult flies, flying ability can be tested by a geotaxis assay, which revealed a signifi-
cant reduction in flight ability in the CG4984-silenced flies compared to control flies 
(Fig. 1C). This indicated that the flight muscle function was dramatically restricted by 
silencing CG4984.

Silencing CG4984, homolog of EMP2, in Drosophila did not affect muscle volume 

or morphology, nor lipid mass

Next, we looked at muscle morphology. Given the association of EMP2 with lean muscle 
mass, we then used flies with muscle-specific deficiency for CG4984 (Mef2-Gal4:UAS-
CG4983-RNAi) to study its effect on muscle morphology. The flies showed no significant 

Fig. 1  Silencing of CG4984 in Drosophila muscles led to functional decline and myofibrillar defect. A–C 
Mef2 > CG4984-IR (Mef2-Gal4:UAS-CG4984-RNAi) flies compared to control (Mef2-Gal4) flies. Mef2, myocyte 
enhancer factor 2. A Illustration of the concentric circles on the Petri dish that form the zones to determine 
locomotion. Graph displays the locomotion data based on the number of larvae that crossed each zone 
within a 1-min time interval. Each data point represents one larva. For each genotype, data are shown 
for three experiments of 10 larvae each (n = 30 larvae in total). Error bars correspond to SD. ** denotes 
significance of p < 0.01. B The vials show the difference in pupation height between the control and 
CG4984-RNAi flies. Quantitation in the bar graph shows the average pupation height in mm. Error bars 
correspond to SD. **p < 0.01. C Adult mobility measured by negative geotaxis. Three groups of ten female 
adults from each genotype were tested. The flies were tapped to the bottom. After 10 s, the number of flies 
above the 8 cm line was recorded. Averaged data are represented by percentages where the number of flies 
above the 8 cm mark is divided by the total number of flies tested within each group. Error bars correspond 
to SD. **p < 0.01
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morphological defects in muscle of the second segment when comparing with controls 
(Mef2-Gal4) and CG4984-deficient (Mef2 > CG4984-RNAi) larvae, including (1) the 
organization of muscle bundles (Additional file  2: Fig. S5A); (2) the sarcomere struc-
ture of body wall muscle (Additional file 2: Fig. S5B); and (3) the volume of the muscle 
bundle (Additional file 2: Fig. S5C). To study a potential effect of CG4984 deficiency on 
lipid mass, we looked at the fat body, which is the major tissue of lipid and energy stor-
age in Drosophila. At the 3rd instar larval stage, the fat body is a single layer of cells, 
which facilitates the detection of changes in lipid storage. Using Nile red staining of 
neutral lipid droplet within the fat body, we found no significant difference in either fat 
body mass or in lipid droplets relative to the area between control (Lsp2-Gal4/ +) and 
CG4984-RNAi (Lsp > CG4984-RNAi) flies (Additional file 2: Fig. S5D–F).

These findings indicate no obvious role for EMP2-homolog CG4984 on muscle mor-
phology or fat body in flies. In summary, these findings demonstrate that while mus-
cle volume did not change in the CG4984-RNAi flies, deficiency for EMP2-homolog 
CG4984 did cause significant defects in muscle function evident in reduced mobility, 
from larval to adult.

Zebrafish model

Multi‑locus targeted SSUH2 gene mutation causes excessive skeletal muscle in F0

We sought to decipher the effect of a multi-locus targeted KO of the SSUH2 gene in 
skeletal muscle morphology of zebrafish (F0 generation). The CRISPR/Cas9-based 
multi-locus targeted ssuh2 F0 mutant was established based on a high-efficiency method 
proposed for large genetic screens in zebrafish [14].

To assess the skeletal muscle morphology, we performed hematoxylin and eosin stain-
ing. We discovered that ssuh2 F0 mutant zebrafish demonstrated larger muscle fiber 
area and perimeter (both p < 0.00001) in contrast to the wild type controls at the age of 
2.5 months post fertilization (Fig. 2A–B, Additional file 2: Fig. S6). Our results indicate 
that multi-locus targeted KO of the SSUH2 gene could activate the growth of muscle fib-
ers. We also tested muscle for excess fat by visualization of neutral lipids using Oil Red 
O staining (Fig. 3A–B, Additional file 2: Fig. S7A–B). The total amount of neutral lipids 
was apparently not different at dorsal and trunk muscle regions in ssuh2 F0 mutant in 
contrast to WT fish.

Fig. 2  Multi-locus targeted ssuh2 gene mutation causes excessive skeletal muscle fibers growth in zebrafish. 
A Histological images of skeletal muscle of adult zebrafish obtained by hematoxylin and eosin staining. Wild 
type (WT) and ssuh2 F0 KO genotypes (left and right panels), respectively. B Muscle fiber area and perimeter 
measured in WT and ssuh2 F0 with n = 3 animals per genotype at 2.5 months post fertilization. Each dot on 
the graph corresponds to the muscle fiber area (491 vs 502 fibers per genotype) and perimeter (493 vs 501 
fibers per genotype). Statistical analysis performed using Mann–Whitney test, ****p = 0.0001. Scale bar: 20 µM
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In regard to the effect of the ssuh2 gene knockout in zebrafish mobility, we investi-
gated swimming activity in the WT and crispants, with and without acid exposure 
(stress), using the distance moved (cm) as the dependent variable in a cumulative link 
mixed effects model approach. Acute change in pH (such as acidity) is among other mild 
environmental stressors applied to make fish rapidly change their swimming pattern by 
trying to escape the stressor [15]. Observational time was utilized as a time bin in our 
cumulative link mixed effects model to account for repeated measurements and tempo-
ral variations in swimming activity. Three different models were employed to account 
for various factors and to assess the robustness of our findings (Additional file  2: Fig. 
S8): The reference model (model 1) was employed to assess the impact of gene knock-
out on mobility, accounting for acid exposure and observational time. Models 2 and 
3, excluding acid stress, were utilized to investigate the effect of gene knockout across 
different observational periods. The results indicate that the ssuh2 gene knockout did 
not have a significant impact on mobility across all models (model 1: p = 0.45; model 2: 
p = 0.26; model 3: p = 0.25). In the reference model (model 1), the effect of acid exposure 
was found to be significant and negatively associated with mobility (estimate =  − 0.21, 
p = 0.001), while the observational time also showed a highly significant negative effect 
(estimate =  − 0.24, p < 2 × 10−16). When excluding the effect of acid and considering 
selected fish (model 2) or selected time bins (model 3), the ssuh2 gene knockout still had 
no significant effect on mobility. Overall, our findings suggest that the ssuh2 gene knock-
out does not have a significant positive impact on zebrafish mobility, while acid exposure 
and observational time exhibit significant negative associations with effect sizes of − 0.21 
and − 0.24, respectively.

Fig. 3  CRISPR/Cas9-based multi-locus targeted ssuh2 gene in zebrafish revealed no effect in the total 
amount of neutral lipids in skeletal muscle. A Schematic representation of dorsal and trunk muscle fibers’ 
source in adult zebrafish for lipid staining. Region of interest of dorsal and trunk muscle fibers was marked as 
indicated in a color code. Visualization of lipid content in dorsal muscle (B) and trunk muscles (C) of zebrafish 
by Oil Red O (ORO) staining, wild type (top) and ssuh2 F0 KO (bottom), respectively. The intensity of red color 
marks the amount of lipids in skeletal muscle. Histological sections of skeletal muscle representative of n = 3 
animals per group at 2.5 months post fertilization. Scale bar: 20 µM
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Discussion
In this WGS study, we have identified seven distinct genomic loci (ENSG00000233359, 
LINC01661/PRMT6, EMP2, ZCCHC14-DT, PA2G4P2/LINC01722, SSUH2, and 
RCC2P8/COL25A1) that were significantly associated with LM. After meta-analysis with 
the UK Biobank replication samples, all available variants remained genome-wide signif-
icant. Although rare variants aggregated analysis is primarily challenged by sample size 
limitations [16], we were able to discover two genes (DMAC1 and ENSG00000273183) 
through our grouping strategies. These two identified genes were also highly expressed 
in the skeletal muscle tissue according to public databases. In addition, the identified 
genes were further investigated through our functional follow-up using bioinformatic 
approaches and animal models. Such genetic knowledge is important to identify drugga-
ble targets for sarcopenia, since on one hand, targets supported by genetic associations 
for the drug’s lead indication are 2–3 × more likely to pass through clinical development 
than the target of a drug without this genetic backing [8, 17]. On the other, early discon-
tinuation of clinical trials is attributed to the absence of genetic/omic evidence for a drug 
target in question [18].

Functional annotation for novel discoveries suggested potential roles for the newly 
identified genes. We have observed that KLF6, a transcriptional activator, plays a role in 
myoblast/muscle function in the TFBS annotation. Studies have shown that KLF6 and 
MEF2D co-localize in the nuclei of myogenic cells and that the MEF2 cis element is an 
important component of the KLF6 promoter region. TGFβ has been found to enhance 
KLF6 protein levels in myoblasts, and inhibition of Smad3 represses this effect. Deple-
tion of KLF6 has been shown to enhance myogenic differentiation and reduce myoblast 
proliferation in response to TGFβ. The findings have important implications for under-
standing muscle development and various muscle pathologies [19]. HLTF (helicase-like 
transcription factor) is a DNA helicase and a member of the SNF2 family of chroma-
tin-remodeling proteins. While there is currently limited research on the specific role 
of HLTF in muscle, it has been found to play a role in DNA damage response and repair 
[20], which may be relevant in the context of muscle regeneration and degeneration.

COL25A1 (collagen type XXV alpha 1 chain) is involved in congenital fibrosis of the 
extraocular muscles and in arthrogryposis multiplex congenita; recently, a single-cell 
transcriptomic atlas of human skeletal muscle aging found its expression to be associ-
ated with myofiber typing [21]. PRMT6 (protein arginine methyltransferase 6) encodes a 
protein that methylates arginine residues in proteins, resulting in specific epigenetic tags 
for transcriptional repression. As shown in Additional file 2: Fig. S4, PRMT6 is involved 
in various methyltransferase activities and has a profound effect on gene regulation 
through DNA methylation. A recent study has highlighted the importance of PRMT6 in 
regulating muscle phenotypes in the context of spinobulbar muscular atrophy (SBMA). 
Specifically, PRMT6 is overexpressed in an androgen-dependent manner in the skeletal 
muscle of patients and mice with SBMA [22].

EMP2 (epithelial membrane protein 2) is an encoded protein that regulates cell mem-
brane composition and is involved in various functions such as endocytosis, cell signal-
ing, and cell proliferation [23]. As shown in Additional file 2: Fig. S4, EMP2 is associated 
with 19 biological processes and one pathway. It is also worth noting that both EMP2 and 
COL25A1 are significantly involved in the GO pathway referred to as “supramolecular 
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fiber organization” (GO: 0097435), resembling a structure of actin filament and myo-
sin [24]. SSUH2 (Ssu-2 homolog (Caenorhabditis elegans)) is a gene associated with dis-
tal myopathy, Tateyama type, as well as rippling muscle disease 2, which is a form of 
limb-girdle muscular dystrophy. It is also involved in the dentin dysplasia type I, thus is 
suspected to play a role in odontogenesis. The integration of these top genes, known or 
suspected to have a function in muscle mass or function, reveals that there is currently 
no direct evidence linking them to muscle mass phenotypes. Particularly, two of these 
genes, EMP2 and SSUH2, represent novel signals and are associated with the LM in sex-
combined samples. Therefore, they are believed to play a role in the general population 
and have been prioritized for functional follow-up in animal models.

The PMP22_Claudin domain makes up nearly the entire epithelial membrane protein 
2, EMP2 (167 amino acids) and is conserved from flies to humans. The domain regulates 
many processes, including the formation of tight junctions, cell–cell adhesion, and cel-
lular contraction [25, 26]. Notably, the PMP22_Claudin domain only makes up about a 
third of the fly homolog (CG4984, 447 amino acids), raising the possibility that CG4984 
conveys additional functions. This notion is further supported by its homology to two 
calcium channels in humans—CACNG5 and CAGNG7. Furthermore, our Drosophila 
assays showed significantly decreased mobility during larval development and in adult 
flies deficient for CG4984. Since we could not detect morphological differences in either 
the muscle tissue or the fat body, the mobility defect could be of neuronal origin. Further 
research into this gene is warranted, to determine any effects of CG4984/EMP2 defi-
ciency on neurons or the neuromuscular junctions.

In parallel to the EMP2 mutagenesis, using crispant (F0 generation mutant) zebrafish, 
we sought to decipher the effect of targeted SSUH2 gene knock-out on skeletal muscle 
morphology and function. Thus, we discovered that ssuh2 F0 mutant zebrafish demon-
strated larger muscle fiber area and perimeter (both p < 0.00001) in contrast to the wild 
type controls. Our results thus indicate that SSUH2 gene mutation could activate the 
growth of muscle fibers. We also tested muscle for excess fat by visualization of neutral 
lipids in dorsal and trunk muscle regions, but found no difference in this parameter, sug-
gesting the larger fibers are not due to excess fat. To evaluate the functional consequence 
of gene knockout, we investigated swimming performance in the WT and crispant fish, 
in normal conditions and under stress (acid exposure). The ssuh2 gene knockout had 
no significant effect on mobility, either speed or distance moved. Overall, our findings 
suggest that the ssuh2 gene knockout affects muscle fiber bulk (a phenotype similar to 
human A-LM the gene was associated with) but does not have an impact on zebrafish 
mobility. Further research is necessary to elucidate the underlying biological mecha-
nisms by which SSUH2 regulates skeletal muscle morphology, thereby enhancing our 
understanding of its causal and functional role in muscle development.

Our comparison of results with previous GWAS signals reveals significant challenges 
in replication. Previous GWAS studies predominantly relied on imputed genotypes and 
focused only on individuals of European ancestry. This lack of replication may be attrib-
uted to variations in study designs (Additional file  3: Table  S13) and discrepancies in 
statistical models and sample sizes. Additionally, many of the variants we identified are 
relatively rare, and our replication cohort, the UK Biobank, employed WGS data for both 
WB-LM and A-LM, which may account for the modest sample size and limit our ability 
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to replicate results for gene-centered aggregated rarer variants. While we observed sev-
eral previously identified variants near our significant loci with p values < 10^ − 6 (Addi-
tional file 3: Table S8), only one variant (rs6763944) is in proximity to our genome-wide 
significant variants (p value < 5 × 10^ − 8) [1]. Moreover, it is worth noting that most 
GWAS employed BIA to assess lean mass. In contrast, our study utilized DXA machines, 
which may contribute to the observed differences in results.

Our analyses have identified five lncRNAs associated with lean mass: 
ENSG00000233359, LINC01661, ZCCHC14-DT, LINC01722, and ENSG00000273183. 
Although these lncRNAs are relatively unexplored and their functional roles are not well 
understood, the lack of high genomic conservation in animal models limits our ability to 
validate these findings. Despite this challenge, the identification of these lncRNAs in our 
study represents a significant discovery. Future research involving loss-of-function and 
gain-of-function experiments, along with transcriptomic and proteomic analyses, will be 
crucial for elucidating their precise biological functions.

This study has multiple strengths. First, in contrast with most GWAS published to 
date, which were conducted in populations of European-descent and have limited cov-
erage of variants uncommon in European ancestry populations, our WGS samples had 
greater diversity in sample ethnicity, therefore being generalizable to a diverse popu-
lation of the USA. Second, through our analysis we were able to identify sex-specific 
signals associated with LM. The chromatin states are not the same in male and female 
skeletal muscles, as recent methylome and transcriptome integration analysis [27] 
revealed that skeletal muscle omics manifest profound sex differences. Thus, sex-speci-
ficity in both muscle gross phenotype and muscle physiology is well appreciated.

Several aspects of our study can be improved. First, in this study we only analyzed 
muscle mass (WB-LM and A-LM). But muscle strength and physical performance are 
important components for understanding of musculoskeletal diseases, such as sarcope-
nia. The diagnosis of sarcopenia, defined as age‐related loss of skeletal muscle, is based 
on an assessment of skeletal muscle mass together with low muscle strength and low 
physical performance. Further association study on those phenotypes or even bivari-
ate analysis is worthwhile. Second, our replication cohort (UK Biobank) has a relatively 
modest sample size and is primarily composed of individuals of European ancestry, 
especially for the WGS data. This may explain why the rare variant results were not rep-
licated. A larger multi-ethnicity cohort for replication could be needed. Third, although 
a large sample size in our studies helps mitigate the impact of unmeasured confound-
ers by randomly distributing them across genotypes, we acknowledge a limited ability to 
adjust for some important confounders, such as physical activity, diet, or sex steroid hor-
monal concentrations, which have a significant influence on lean mass. Within the range 
of participating studies, some either lack these measurements or use different methods 
for collecting the data. This need for homogenizing data on these potential covariates 
requires follow-up studies to arrange such analyses. Last, due to limited resources, we 
only validate two identified genes through our animal models. More comprehensive vali-
dation studies can be done in the future.
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Conclusions
Through deep WGS data, bioinformatic tools, and functional follow-up in animal mod-
els, this study provides new insights into pathways influencing muscle metabolism and 
muscle mass regulation and informs future studies dedicated to this important metric of 
the organism.

Methods
Discovery cohorts: TOPMed and LOS

This study included a total of 10,726 participants with WB-LM (n = 10,726) or A-LM 
(n = 10,672) measurements who were from the Trans-Omics for Precision Medicine 
(TOPMed) Consortium and the Louisiana Osteoporosis Study (LOS). The participating 
TOPMed cohorts included the Genetics of Cardiometabolic Health in the Amish [28] 
(Amish, n = 487 for WB-LM [478 for A-LM]), Cardiovascular Health Study [29] (CHS, 
n = 1054 [1054]), Framingham Heart Study [30, 31] (FHS, n = 2863 [2863]), San Anto-
nio Family Osteoporosis Study [32, 33] (SAFOS, n = 409 [361]), and Women’s Health 
Initiative [34] (WHI, n = 934 [934]) participants. The LOS included 4982 participants, 
whose ethnic composition is ~ 72% White, ~ 23% Black, and ~ 4% Hispanic/Latino (Addi-
tional file 3: Table S14) [35]. Basic characteristics of each study, including sample size, 
sex composition, and mean (standard deviation, SD), of age, weight, height, total fat, 
WB-LM, and A-LM, are shown in Table 1. All participants provided informed consent 
and the appropriate institutional review boards approved all studies (Additional file 2: 
Table S15). Please refer to Additional file 1: SI 1, SI 2, and SI 3, for more information 
about each study.

Replication cohort: UK Biobank

In total, 4720 participants (4720 genotyped on the SNP-Chip and an overlapping 1115 
with available whole genome sequencing (WGS) data) were included with measure-
ments for both WB-LM and A-LM from the UK Biobank (UKBB) [36]. The ethnic com-
position of these participants is ~ 97% White, 2.2% Asian, 0.9% Black, and 0.2% Hispanic/
Latino. The related basic characteristics of this cohort are also shown in Table 1. UKBB 
has continuously renewed ethical approval from the North West Multi-center Research 
Ethics Committee, and all studies were carried out in accordance with the appropriate 
project’s Material Transfer Agreement. Informed consent was obtained from all partici-
pants. The UKBB application license number associated with the data and research in 
this study is 69,804.

Lean mass phenotype measurements

TOPMed

Lean mass was measured in all TOPMed cohorts using dual-energy X-ray absorpti-
ometry (DXA) (Hologic 4500W, Hologic QDR-2000, Lunar/Prodigy) (Additional file 3: 
Table S15). DXA can be used to measure body composition, including bone mineral, fat, 
and fat-free soft tissue. For this study, we used fat-free soft tissue (i.e., lean mass) as our 
phenotype. We included two types of lean mass: WB-LM and A-LM. The latter includes 
only lean mass in the arms and legs, which has been demonstrated to be a valid estimate 
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of skeletal muscle mass, especially since the arms and legs do not contain visceral organs 
[37].

LOS

Both fat mass and lean mass were measured with a DXA machine (Hologic QDR-4500 
Discovery DXA scanner, Hologic Inc., Bedford, MA, USA) by trained and certified 
research staff. The machine was calibrated daily, and software and hardware were kept 
up-to-date during the data collection process. The two lean mass phenotypes derived 
using manufacturer’s image analysis protocols, including WB-LM and A-LM, as demon-
strated elsewhere [6], were used in the following analyses.

UKBB

Lean mass was measured in UKBB participants using the Lunar-GE iDXA dual-energy 
X-ray absorptiometry device (GE-Lunar, Madison, WI, USA). Scans were analyzed by a 
radiographer using the iDXA device at or shortly after acquisition, generating numeri-
cal measures of body composition split into fat mass and lean mass (fat-free soft tissue). 
We again included two lean mass phenotypes, WB-LM (UKBB data field number 23280) 
and A-LM (sum of UKBB field numbers 23275 and 23,258), defined in the same way as 
described for the TOPMed studies.

Sequencing data and quality control

TOPMed

Whole genome sequencing (WGS) data for the TOPMed program are acquired by mul-
tiple sequencing centers over time [38]. The TOPMed Informatics Research Center 
(IRC) performs joint variant identification and genotype calling on all available sam-
ples periodically and the resulting call set is referred to as a genotype “Freeze.” In this 
study, we used TOPMed Freeze 8, ~ 30 × WGS data with ≥ 95% of the genome covered 
to 10 × or greater. The reads were aligned to human genome build GRCh38 using a com-
mon pipeline across all centers. For the variant quality control (QC), the inferred pedi-
gree of related and duplicated samples was used to calculate the Mendelian consistency 
and to train a support vector machine (SVM) classifier. Variants with excess heterozy-
gosity or Mendelian discordance are filtered out. The sample QC included concordance 
between annotated and genetic sex inferred from the WGS data, concordance between 
prior SNP array genotypes and WGS-derived genotypes, and comparisons of observed 
and expected relatedness from pedigrees. Discordant samples were either excluded or 
were resolved through prior genotyping comparisons and/or pedigree checks. And the 
estimated sample contamination was below 10% in our analysis. Please refer to https://​
topmed.​nhlbi.​nih.​gov/​topmed-​whole-​genome-​seque​ncing-​metho​ds-​freeze-8 and each 
study’s dbGaP accession [39] for more details about TOPMed WGS data and quality 
control.

LOS

A total of 5002 samples with genomic DNA were collected and underwent WGS using 
a BGISEQ-500 sequencer (Beijing Genomics Institute (BGI Group), Shenzhen, China) 

https://topmed.nhlbi.nih.gov/topmed-whole-genome-sequencing-methods-freeze-8
https://topmed.nhlbi.nih.gov/topmed-whole-genome-sequencing-methods-freeze-8
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to generate two sequencing runs of paired-end 350 bp reads with an average sequenc-
ing depth of ~ 21 × and 92.29% of the genome covered to at least 10 × coverage. The 
aligned and cleaned data of each sample were mapped to the human reference genome 
(GRCh38/hg38) by the use of the Burrows-Wheeler Aligner (BWA) [40] software fol-
lowing the recommended Best Practices for variant analysis with the Genome Analysis 
Toolkit (GATK version 3.7, https://​www.​broad​insti​tute.​org/​gatk/​guide/​best-​pract​ices) 
to ensure accurate variant calling [41]. The details of the WGS variant analysis includ-
ing identification of marker duplicates, recalibration for base quality scores, realignment 
of indels, and variant calling using variant quality score recalibration are described in 
Additional file 1: SI 4.

UKBB

For the SNP chip genotyping data, the genotypes of UKBB participants (UKBB field 
number 22828) were determined for ~ 90% of participants via Affymetrix UK Biobank 
Axiom Array (Santa Clara, CA, USA) and for the other ~ 10% of participants using the 
Affymetrix UK BiLEVE Axiom Array [8]. Genotypes were further imputed with the 
Haplotype Reference Consortium (HRC) panel [42], to ultimately obtain data on ~ 96 
million genotypes mapped to GRCh37, with quality control and imputation details as 
previously described [43]. LiftOver was used to map the genotypes from GRCh37 to 
GRCh38 coordinates [44]. WGS of 150,119 UKBB participants was performed by two 
sequencing centers (deCODE Genetics and Wellcome Trust Sanger Institute) on stored 
blood samples’ DNA, using Illumina NovaSeq machines with an average coverage of 
32.5 × , and coverage across all samples ranging from 23.5 × to ~ 50 × [45]. Sequence 
reads were mapped to GRCh38 and SNPs were jointly called across all individuals in the 
dataset with GraphTyper [46]. No further QC filters were applied. More details on WGS 
of UKBB participants, including sequencing center batch effects, sample concordance 
QC, and GraphTyper parameters (though data in this study come from an earlier WGS 
release and were not filtered by AAscore), were previously published [45] or described in 
Additional file 1: SI 5.

Single‑variant association analysis

We performed single-variant association tests using linear mixed models on the two 
lean mass phenotypes, WB-LM and A-LM separately. A two-stage procedure of asso-
ciation test was conducted. Within each study, we first performed linear regression of 
lean body mass as a function of age (years), age squared, sex, weight (kg), height (cm), 
total fat (kg), and study specific covariates (e.g., ethnicity) to generate study-specific 
residuals. Adjusting for height and total fat in our model ensures that the identified 
SNPs contribute to lean mass independently of their effects on total fat or height [6, 47]. 
Second, we performed inverse normal transformation on the generated residuals and 
fit them as a null model with all PCs for TOPMed samples or significant PCs for LOS 
samples (Additional file 3: Table S16). The output from this second stage was used to 
perform genome-wide score tests of genetic association for all QC-passed individual 
variants. We then meta-analyzed association results from TOPMed and LOS through an 
inverse variance weighted approach and focused on variants with minor allele frequency 

https://www.broadinstitute.org/gatk/guide/best-practices
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(MAF) ≥ 0.1% and minor allele count (MAC) > 40. The genome-wide significance thresh-
old p < 5× 10

−8 was used as our significant level. We also conducted a sex-stratified 
analysis with the same procedure for WB-LM and A-LM after excluding the sex covari-
ate in the regression model at the first stage. The same procedure was applied to the 
UKBB cohort using WGS data or imputed SNP-Chip data (if WGS data not available) 
on significant variants as a replication. Finally, association results between discov-
ery cohorts and the replication cohort were meta-analyzed through inverse-variance 
approach. The related software we used is provided in Additional file 1: SI 6.

Conditional analysis

We performed two sets of conditional analysis to pinpoint a short list of important vari-
ants. The first approach was conditional on our own findings to identify a set of distinct 
signals. A stepwise conditional analysis was performed on our variants with p < 1 × 10−6. 
Taking WB-LM as an example, for each chromosome, we identified the most significant 
variant as the “peak variant” and then fit a new model adjusted for both the covariates 
as well as this peak variant and calculated new p values for the rest of variants on that 
chromosome. If more than one variant was significant at the 1 × 10−6 level in the new 
result, we performed a second round of conditional analysis, re-fitting the model, adjust-
ing for the new peak variant along with the first peak variant and the original covariates. 
We continued this procedure iteratively until no additional variants were significant at 
a p value threshold of < 1 × 10−6. The second approach was conditional on previously 
reported signals to determine whether our identified signals were novel. We considered 
previously known signals within a ± 0.5 Mb range for each of our signals to perform 
conditional analysis. Previously identified associated variants were downloaded from 
the GWAS catalog (version: All studies v1.0.2, https://​www.​ebi.​ac.​uk/​gwas/​api/​search/​
downl​oads/​studi​es_​alter​native) and were matched to our variants using either rsid or 
genomic locus and alleles. We included five GWAS studies for WB-LM or A-LM pheno-
types (Additional file 3: Table S17) [1, 6, 7, 48, 49]. We also performed these two types of 
conditional analysis on males and females separately.

Rare variants aggregated association analysis

We applied five strategies for grouping rare variants for both lean mass phenotypes to 
assess the cumulative effect of rare variants within a specific region. Two of them are 
based on all genes, one including loss of function and missense variants and the other 
including coding and non-coding regulatory variants. The other three strategies are spe-
cific to muscle-related regions. These include muscle-specific lncRNAs from lncRNAKB 
(http://​psych​iatry.​som.​jhmi.​edu/​lncrn​akb/​tissu​es/​index.​php?​tissue=​Muscle), differ-
entially methylated regions (DMRs) in human skeletal muscle and muscle cell related 
transcription start sites (TSSs). More details about how we defined these muscle-related 
regions are described in Additional file 1: SI 6. We included variants with MAF ≤ 1% that 
passed QC to aggregate based on the above strategies. The association model was the 
same as the single variant analysis except we tested each set of aggregated variants here 
instead of each variant. We applied the same SKAT test for aggregated variants asso-
ciation analysis to TOPMed and LOS participants. We used the probit method to meta-
analyze association p values from TOPMed and LOS studies. We used a Bonferroni 

https://www.ebi.ac.uk/gwas/api/search/downloads/studies_alternative
https://www.ebi.ac.uk/gwas/api/search/downloads/studies_alternative
http://psychiatry.som.jhmi.edu/lncrnakb/tissues/index.php?tissue=Muscle
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correction to determine the significance, adjusting for the number of aggregated regions. 
The same approach was also performed on males and females separately. For the replica-
tion, we performed the same procedure using WGS data of UKBB except that we only 
focused on identified regions from discovery cohorts and checked if those regions were 
nominal significant (i.e., p < 0.05).

Functional annotation using multi‑omics data with bioinformatics approaches

We utilized a linkage disequilibrium (LD) value of greater than 0.7 with the lead SNPs as 
the cutoff to identify potential causal variants from our single-variant association results. 
To ascertain the cell-type specific regulatory function of these potential causal variants, 
we employed Assay for Transposase-Accessible Chromatin using sequencing (ATAC-
seq) on human mesenchymal stem cells (hMSC), myotubes and myoblasts ATAC-seq 
[50] and DNase-seq from ENCODE [51]. Our aim was to identify the open chromatin 
regions, transcription factor binding sites, and enhancer regions, with the aid of Chrom-
HMM [52], specific to hMSC, myotubes, and myoblasts cell types. Moreover, cell-type 
specific Hi-C data were applied to discern enhancer-promoter interactions.

To comprehend the functions of LM-related SNPs, we conducted gene enrichment 
analysis using Enrichr [53] and multiple pathway databases such as WikiPathways [54], 
KEGG [55], and Reactome [56], as well as the GO database [57]. The threshold for signif-
icance in GO term and pathway analysis is set at an adjusted p value of ≤ 0.05 using the 
Benjamini-Hochberg (BH) method. Additionally, we employed muscle-relevant func-
tional annotation and regulatory information from HaploReg [58] and TRANSFAC [11] 
databases. To identify potential causal variants, we performed HaploReg to select vari-
ants within an LD block based on the 1000 Genome Project. Subsequently, we focused 
on candidate SNPs with muscle-related annotations in histone modification and chro-
matin status [10] and searched for predicted transcription factor binding sites (TFBS) 
using the TRANSFAC database [11]. More details can be found in Additional file 1: SI 7.

Functional validation through animal models

We considered two types of animal models, including Drosophila and zebrafish, to vali-
date our findings. To consider for functional validation, we prioritized genes in which we 
identified missense variants and genes more likely to be functionally related to muscu-
loskeletal phenotypes. We focused on non-sex specific genes. Furthermore, we utilized 
Open Targets Genetics web portal (https://​genet​ics.​opent​argets.​org/) to verify the asso-
ciation of our identified variants with the genes we selected for knocking out. Approxi-
mately 61% of disease-causing genes in humans have functional homologs in Drosophila 
[59], and the fly can be used to study the function of these genes and the consequences 
of mutations. Zebrafish also have become an attractive animal model for musculoskele-
tal-specific genetic modeling [60, 61], given both a conserved genetics of the zebrafish 
as well as their muscle’s similarity to human’s [62]. Effective gene editing with CRISPR/
Cas9 system has been a major tool for the functional study of genes in zebrafish, making 
it more rapid, by enabling phenotypic analysis on the first generation (G0, also known as 
crispants) [14, 63], saving valuable time and resources. We briefly describe the animal 
models we used below, and more details about these two animal models are provided in 
Additional file 1: SI 8 and SI 9.

https://genetics.opentargets.org/
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Drosophila model

The Drosophila model was employed because of its well-established genetic tools and 
conserved mechanisms of muscle development, providing valuable insights into the 
regulation of muscle mass that can be extrapolated to human biology [64, 65]. Pro-
tein encoded by Drosophila CG4984 is orthologous to the PMPP2_Claudin domain of 
EMP2. The UAS-CG4984-RNAi stock flies were crossed with the myocyte enhancer fac-
tor 2 (Mef2)-Gal4 (muscle-specific) or with the larval serum protein 2 (Lsp2)-Gal4 fly 
lines for fat body-specific silencing of CG4984. Larvae (3 days old) underwent phalloidin 
staining; body wall muscles were imaged and the number of myofibers obtained. Neu-
tral lipid quantitation was obtained by Nile red staining; lipid droplet size and number 
were measured. Pupation height and larval locomotion was recorded, followed by the 
adult locomotion measured by negative geotaxis, and compared between the genotype 
groups.

Zebrafish model

We utilized the zebrafish model due to its high genetic homology to humans, with 
approximately 80% of human disease-related genes conserved, making it an ideal 
organism for high-throughput genetic knock-out studies to investigate gene functions 
related to human lean muscle mass [61, 66]. We generated ssuh2 G0 knockout mutants 
(crispants) by multi-locus targeted CRISPR/Cas9 technology (to assure high efficiency 
of the mutagenesis). Using ssuh2 crispant zebrafish in comparison to the wild type (WT) 
controls, we then measured skeletal muscle fiber area and perimeter in young adult (2.5 
months old) zebrafish. We also tested muscle for excess fat by visualization of neutral 
lipids in dorsal and trunk muscle regions. Furthermore, we investigated the swimming 
distance and swimming behavior, in normal conditions and under stress (acid exposure). 
Data were tested for normality using the Shapiro–Wilk test (α = 0.05). Normally distrib-
uted data were analyzed by Student’s t-test (two genotype groups). Non-normal distrib-
uted data were analyzed by a Mann–Whitney test (two groups). Statistical significance 
was defined as p < 0.05. The cumulative link mixed effect model approach was used to 
compare the effect of ssuh2 gene knockout on mobility.
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