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Abstract 

Prenatal testosterone (T)-treated female sheep manifest peripheral insulin resistance, ec-
topic lipid accumulation, and insulin signaling disruption in liver and muscle. This study 
investigated transcriptional changes and transcriptome signature of prenatal T excess–
induced hepatic and muscle-specific metabolic disruptions. Genome-wide coding and 
noncoding (nc) RNA expression in liver and muscle from 21-month-old prenatal T-treated 
(T propionate 100 mg intramuscular twice weekly from days 30-90 of gestation; term: 
147  days) and control females were compared. Prenatal T (1) induced differential ex-
pression of messenger RNAs (mRNAs) in liver (15 down, 17 up) and muscle (66 down, 
176 up) (false discovery rate < 0.05, absolute log2 fold change > 0.5); (2) downregulated 
mitochondrial pathway genes in liver and muscle; (3) downregulated hepatic lipid catab-
olism and peroxisome proliferator-activated receptor (PPAR) signaling gene pathways; 
(4) modulated noncoding RNA (ncRNA) metabolic processes gene pathway in muscle; 
and (5) downregulated 5 uncharacterized long noncoding RNA (lncRNA) in the muscle 
but no ncRNA changes in the liver. Correlation analysis showed downregulation of 
lncRNAs LOC114112974 and LOC105607806 was associated with decreased TPK1, and 
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LOC114113790 with increased ZNF470 expression. Orthogonal projections to latent struc-
tures discriminant analysis identified mRNAs HADHA and SLC25A45, and microRNAs 
MIR154A, MIR25, and MIR487B in the liver and ARIH1 and ITCH and miRNAs MIR369, 
MIR10A, and MIR10B in muscle as potential biomarkers of prenatal T excess. These find-
ings suggest downregulation of mitochondria, lipid catabolism, and PPAR signaling 
genes in the liver and dysregulation of mitochondrial and ncRNA gene pathways in 
muscle are contributors of lipotoxic and insulin-resistant hepatic and muscle phenotype. 
Gestational T excess programming of metabolic dysfunctions involve tissue-specific 
ncRNA–modulated transcriptional changes.

Key Words: DOHAD, RNA sequencing, ovine, metabolic tissues

Epidemiological data from humans and experimental 
animal studies have established that exposure to insults 
(nutrition, stress, disease states, and environmental chem-
icals) during gestation alters the developmental trajectory 
and leads to persistent changes in physiology and the de-
velopment of cardiometabolic disorders during adulthood 
(1-3). Inappropriate exposure to steroids during gestation 
can also reprogram the fetal developmental trajectory (4, 
5). Because differentiation of cellular tissues and organs 
during development is tightly regulated by steroids during 
critical periods of gestation (6), inadvertent exposure to 
steroids can lead to organizational changes, culminating 
in long-term metabolic defects in the offspring. Steroid 
hormonal imbalances during gestation can occur as a re-
sult of maternal diseases, such as endocrine disorders (eg, 
hyperandrogenism) (7).

Gestational exposure to testosterone (T), an 
aromatizable androgen, programs metabolic disruptions in 
various animal models, including sheep (5, 8). Prenatal T 
treatment–induced changes in the female sheep offspring 
include peripheral insulin resistance leading to compensa-
tory hyperinsulinemia, dyslipidemia, adipocyte defects (9, 
10), and hypertension (11). The metabolic dysfunctions are 
also manifested at the tissue level with insulin resistance in 
the liver and muscle (12), and ectopic lipid accumulation 
and oxidative stress in the liver (13). Consistent with the 
tissue phenotype, prenatal T-treated animals also manifest 
transcriptional disruptions of insulin signaling pathway 
genes in the liver and muscle (14).

Prenatal T-treatment additionally causes differences in 
the gene expression of candidate genes in the insulin target 
tissues, liver and muscle. For example in the liver, prenatal 
T excess changed expression of inflammatory cytokines 
and antioxidants by upregulating tumor necrosis factor-α, 
the macrophage marker CD68, and superoxide dismutase 
(SOD) 1 and 2 (13). In muscle, prenatal T excess increased 
expression of the inflammatory genes chemokine ligand 
2, tumor necrosis factor, and the antioxidant genes gluta-
thione reductase and SOD1 (13) while downregulating 

SOD2, but not CD68, interleukin-6, or interleukin-1B (13). 
Expansion of these observations to genome-wide profiling 
of the transcriptome can identify pathways and mechan-
isms that produce the unique phenotypic outcomes induced 
by prenatal T.

Reprogramming of offspring trajectories may be linked 
to changes in epigenetic mechanisms (15-17). One type 
of epigenetic mechanism regulating gene expression is 
noncoding RNAs (ncRNAs). ncRNAs are a class of func-
tional RNA molecules that regulate gene expression and 
based on their length can be classified into small ncRNAs 
(18-200 nucleotides [nt]) or long noncoding RNAs (> 200 
nt). The small ncRNAs include microRNAs (miRNAs, 
18-30 nt), small nuclear RNAs (snRNA, ~ 150 nt), and 
small nucleolar RNAs (snoRNA, 60-170 nt), among others 
whose dysregulation has been implicated in several diseases 
(18). The long noncoding RNAs (lncRNAs) are important 
for cellular differentiation and development (19) and are 
implicated in insulin resistance and type 2 diabetes (20). 
Further, ncRNAs like lncRNAs and miRNAs have been im-
plicated in the pathogenesis of polycystic ovary syndrome 
(PCOS) (21-23), a major infertility disorder characterized 
by metabolic defects including peripheral insulin resist-
ance (24-26). Because prenatal T-treated sheep emulate the 
metabolic characteristics of PCOS women (27), they offer 
a unique opportunity to probe the involvement of ncRNAs 
in establishing the metabolic phenotype. In support of this 
premise, aberrant miRNA expression has been shown to 
modulate metabolic defects in a dihydrotestosterone-
induced PCOS phenotype in rats (28). As such, prenatal 
T-induced transcriptional changes in the liver and muscle 
may be regulated by changes in the epigenome, specific-
ally differences in ncRNA expression, but this has not yet 
been tested.

Capitalizing on RNA transcriptomics in the liver and 
muscle from prenatal T-treated and control female sheep, 
the objectives of this study were to determine 1) changes 
in coding RNA and ncRNA; 2)  gene pathways affected; 
3)  coding and ncRNA signatures of prenatal T exposure 
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using predictive component analyses; and 4)  putative 
ncRNA and coding RNA interactions through correlation 
of ncRNA and coding RNA expression. These findings may 
provide mechanistic insights into the developmental repro-
gramming of a hepatic and skeletal muscle insulin-resistant 
phenotype in this model of endocrine disruption.

Materials and Methods

Animals

All animal studies were conducted under approved proto-
cols of the institutional animal care and use committee of 
the University of Michigan (approval No. PRO00000609). 
Experiments in this study used multiparous female Suffolk 
sheep, housed at the University of Michigan Sheep Research 
Facility (Ann Arbor, Michigan, USA) and met the National 
Research Council’s recommendations. Animals from both 
control and prenatal T-treatment groups coinhabited under 
similar conditions and were fed a similar maintenance diet 
to prevent obesity as described previously (29).

Prenatal Testosterone Treatment

Between gestational days 30 and 90, 100-mg T propionate 
(~ 1.2 mg/kg; Millipore Sigma) suspended in corn oil was 
administered intramuscularly twice a week to the prenatal 
T-treated group. Control animals did not receive any ve-
hicle treatment, since our prior studies demonstrated no 
effects of corn oil in sheep (30). The effects of prenatal 
T-treatment on peripheral insulin sensitivity, adiposity, and 
tissue-specific changes in mediators of insulin sensitivity 
from this cohort have been published previously (10, 12, 
13, 31, 32).

Tissue Collection

Metabolic tissues (liver and muscle) were collected 
during the second breeding season at approximately age 
21 months following a 48-hour fast from prenatal T-treated 
animals and controls. Since prenatal T-treated animals 
were oligoanovulatory (33), to normalize their background 
steroid levels, both control and prenatal T-treated animals 
were ovariectomized, and tissue collection was carried out 
during the artificially induced follicular-phase steroid mi-
lieu, as described previously (34). Briefly, 2 weeks before 
euthanasia for tissue collection, animals were implanted 
with two controlled internal drug-releasing implants 
containing progesterone (CIDR-G; InterAg; implanted 
subcutaneously) for 14 days. On the fourteenth day, proges-
terone implants were removed and four 30-mm estradiol-
containing Silastic  (Dow Chemical Company, Midland, 

MI) implants were inserted subcutaneously to produce cir-
culating estradiol concentrations in line with the follicular 
phase. Animals were euthanized 18 hours later during the 
presumptive late-follicular phase. From all animals, liver 
tissue was obtained from the tip of the left lobe and skel-
etal muscle was obtained from the vastus lateralis. Tissues 
were snap frozen and stored at –80 °C until processing for 
RNA isolation.

Total RNA Isolation, Library Construction, and 
Sequencing

Total RNA was extracted from the liver and muscle 
after homogenizing the tissues in Trizol reagent (Life 
Technologies) following the manufacturer’s recommenda-
tions. Residual contaminating DNA was removed using 
RNeasy binding column, treating the column with RNAse 
free DNAse (Qiagen) and eluting the RNA in nuclease-free 
water. The quality of purified RNA including the purity 
and RNA integrity were evaluated using an Agilent 2100 
bioanalyzer (Agilent Technologies) at the University of 
Michigan Advanced Genomics Core. Liver from 5 ran-
domly selected control and 4 prenatal T-treated sheep 
(RNA from 1 prenatal T-treated animal failed RNA integ-
rity number quality standards for library preparation) and 
muscle from 5 control and 5 prenatal T-treated sheep were 
used for transcriptomic analysis. Library preparation was 
carried out using a TruSeq RNA Library Prep Kit (Illumina) 
and single-end sequenced at 50 cycles with single-read 
using a HiSeq2000 NextSeq platform.

Noncoding RNA Library Preparation and 
Sequencing

Libraries for ncRNA were prepared from total RNA using 
a NEBNext smallRNA kit (New England BioLabs) at the 
University of Michigan Advanced Genomics Core as per the 
manufacturer’s recommendations. The small RNA libraries 
were prepared from total RNA whose RNA integrity was 
determined using the Agilent 2100 bioanalyzer. Post–library 
preparation quality control metrics were determined and 
sequencing performed on an Illumina NextSeq platform. 
For ncRNA analysis of liver and muscle, 4 animals each 
from control and prenatal T-treated animals were used.

Total RNA Data Processing and Quality Control

For transcriptomic analysis, single-end reads were obtained 
from sequencing. An overview of the RNA sequencing 
(RNA-seq) analysis is summarized as a flowchart 
(Supplementary Fig. S1) (35). Raw fastq files from total 
RNA-seq data were trimmed using trimmomatic (36) with 
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the following options: maximum mismatch count, palin-
drome clip threshold (not used in single-end reads, but 
must still be specified), and clip threshold score param-
eters for removing Illumina adapters: 2:30:10. Further, all 
leading and trailing bases with quality threshold below 3 
and reads that dropped below a quality score of 15 while 
scanning bases with a 4–base pair window were also re-
moved. Quality control metrics including mean read quality 
scores, duplicated reads, and GC content of sequences of 
both raw and trimmed files were evaluated using fastqc. 
The quality control metrics of samples were summarized 
using MultiQC (37). Trimmed reads from total RNA were 
further mapped to sheep reference genome (Oar_ram-
bouillet_v1.0) using the Spliced Transcripts Alignment to 
a Reference (STAR) aligner (v2.6.0c). The quality control 
metrics of aligned reads were examined using the Quality of 
RNA-seq Tool-set (QoRTS) (v1.3.6). The reads that aligned 
to the exons of the reference genome were then counted 
using featureCounts (v1.6.1). While RNA sequencing of 
the total RNA led to sequencing of both coding RNA and 
ncRNA, during analysis emphasis was placed on the coding 
RNA from this data set as comprehensive sequencing for 
the ncRNA was carried out separately.

Noncoding RNA Data Processing and 
Quality Control

The raw fastq files from ncRNA sequencing were 5′ trimmed 
using cutadapt (v3.2) as per the manufacturer’s recommen-
dation using the adapter sequence AGATCGGAAGAGCA
CACGTCTGAACTCCAGTCAC. Using the built-in func-
tion for cutadapt, reads that were of low quality and less 
than 17 base pairs were removed from the sequencing data. 
Quality control metrics were assessed using fastqc and sum-
marized using MultiQC. Similar to that used in total RNA, 
ncRNA was aligned to sheep reference genome (Oar_ram-
bouillet_v1.0) using STAR. The counting of reads for each 
class of ncRNA evaluated in this study was achieved by 
first subsetting the whole genome annotation files for the 
reference genome into files that contained only references 
for a particular ncRNA. The aligned reads were then used 
in featureCounts (v1.6.1) with genes as the identifier, with 
all multimapping reads included in the analysis, along with 
annotation files specific for each ncRNA to obtain counts. 
The sequence of analytical approach is summarized as a 
flowchart (see Supplementary Fig. S1) (35).

Differential Expression Testing

To identify differentially expressed genes, DESeq2 (v1.24.0), 
which uses negative binomial distribution on counts, was 
used. Samples were normalized using default settings. For 

both total RNA and ncRNA, 2 levels of comparison were 
performed in this study: 1)  comparison of tissues (liver vs 
muscle) in the control animals and 2)  comparison of re-
sponse to treatment (prenatal T vs control) both in liver and 
muscle. Differential expression analyses for each class of 
ncRNA were studied in a workflow similar to that of total 
RNA. Transcripts were prioritized based on statistical sig-
nificance measured as false discovery rate–adjusted P values 
(FDR) and magnitude of association measured as log2fold 
change (log2FC). Coding RNA meeting FDR less than 0.05 
(for differential gene expression analysis) and FDR less than 
0.01 (for selecting genes to be included in the correlation 
analysis) and ncRNA meeting FDR less than 0.1 (for dif-
ferential expression and correlation analysis), respectively, 
after multiple testing correction and absolute log2FC greater 
than 0.5 were considered significant. Finally, differentially 
expressed transcripts were visualized using volcano plots, 
and heat maps were generated using the heatmap.2 package. 
All differential expression testing and plots were processed 
using R statistical software (v3.5.1).

Data Reduction and Identification of Potential 
Biomarkers of Prenatal Testosterone Exposure

Data reduction and potential biomarker identification 
were performed using SIMCA P+ version  15 (Sartorius 
Stedim Data Analytics AB). Coding and ncRNA (lncRNA, 
miRNA, snoRNA, and snRNA)-normalized counts from 
liver and muscle tissues were imported to SIMCA P+ for 
the multivariate modeling and unit variance scaling (mean 
centered and divided by SD) was applied. Unsupervised 
principal component analysis (PCA) was performed to ob-
tain an overview of the data and identify potential outliers 
and trends/groupings in the transcriptome data. The 2-di-
mensional (2D) and 3-dimensional (3D) PCA plots were 
explored to visualize patterns and groupings in the data. 
A  tolerance ellipse based on Hotelling’s T2 (multivariate 
generalization of t distribution) was used to identify strong 
outliers outside the ellipses.

To further visualize differences in transcription between 
the control and prenatal T-treated animals, orthogonal pro-
jections to latent structures discriminant analysis or orthog-
onal partial least square discriminant analysis (OPLS-DA) 
was performed. OPLS-DA is a supervised technique by which 
the model is rotated so the variation related to treatment is 
the first predictive component, and the variation that is not 
related to treatment is explained in the orthogonal compo-
nents. In the OPLS-DA models, prenatal T and control status 
was the outcome variable and the predictor variable matrix 
was the transcriptome data. All the OPLS-DA models used 
for potential biomarker selection had R2X values above 0.7 
and Q2 values above 0.5. Each score/point on the score plot 

D
ow

nloaded from
 https://academ

ic.oup.com
/endo/article/163/1/bqab225/6413684 by N

C
IPC

 user on 14 M
arch 2025



Endocrinology, 2022, Vol. 163, No. 1� 5

represents one observation, and clear separation and group-
ings indicate differences in transcriptome profiles between 
the groups. Score plots of the first predictive component 
(variation in the transcriptome data related to outcome) 
with the first orthogonal component (variation in the tran-
scriptome data not related to outcome) were used. OPLS-DA 
loadings provide information about the variables respon-
sible for these differences in profiles, with variables away 
from the origin with smaller CIs serving as better markers 
of the differences in the groups. Variable importance to pro-
jection (VIP) and S plots were investigated to identify poten-
tial biomarkers of prenatal T-treatment. Higher VIP value 
indicates higher importance to the model and responsible for 
the observed separation of the 2 groups. Additionally, VIP 
predictive plots were modified for the transcriptome data to 
add chromosome information for the coding genes. The S 
plots were plotted where the predictive component loading 
explaining model covariance is plotted against the model 
correlation to identify potential biomarkers with high sig-
nificance, low variability, low FDR, and higher magnitude. 
Furthermore, OPLS DA model loadings and significance 
(based on differential expression FC) of these signatures 
were investigated to identify potential biomarkers of pre-
natal T-treatment in liver and muscle.

Gene Set Enrichment Analysis

We obtained human orthologs of sheep genes using 
BioMart (38) (Supplementary Table S1) (35). To test en-
richment of pathways for top expressed genes in response 
to prenatal T-treatment in each tissue, RNA-enrich (39) 
was used. RNA-enrich uses a P  value cutoff free enrich-
ment methodology and genes were tested for enrichment 
by comparison against 6 databases including BioCarta 
pathway, EHMN metabolic pathways, Gene Ontology, 
KEGG pathway, Panther pathway, and transcription factor 
databases. Pathways with an FDR less than 0.01 were 
selected for comparison between tissues in response to 
prenatal T. Odds ratios (ORs) of enrichment are reported. 
Overlapping and unique findings were visualized using 
upset plots, built using the UpsetR (40) R package. Gene 
set enrichment analysis and UpsetR were processed using 
R statistical software (v3.5.1).

Correlation Between Noncoding RNA and 
Total RNA

To identify ncRNA–messenger RNA (mRNA) pairs in liver 
or muscle, ncRNA and genes differentially expressed in re-
sponse to prenatal T-treatment were selected and matched 
within their respective samples from the same set of ani-
mals. The correlation matrices for control and prenatal 

T-treatment groups were generated by differential gene 
correlation analysis (41). The ncRNA-mRNA pairs with 
Pearson correlation coefficients with P values less than .05 
across either control or treatment were considered signifi-
cantly correlated within that group. To visualize the rela-
tionship between ncRNA-mRNA pairs, correlation plots 
and box plots were generated.

Data are available online at the Gene Expression 
Omnibus (GEO accession: GSE178777). Code for analysis 
is available online (https://github.com/bakulskilab).

Quantitative Polymerase Chain Reaction Analysis

Total RNA isolated as described above was reverse tran-
scribed (RT) into complementary DNA using the SuperScrit 
Vilo cDNA synthesis kit (Invitrogen) for quantitative poly-
merase chain reaction (qPCR)-based gene expression ana-
lysis. A SYBRgreen-based real-time RT-PCR assay was used 
to determine the gene expression of TPK1 and ZNF470 in 
muscle and HADHA in liver on a BioRad myiQ iCycler 
real-time PCR instrument. Oligonucleotide primers for the 
genes under study were designed using Primer Express soft-
ware (Life Technologies), and the primer sequences for the 
primers used are shown in Supplemental Table S2 (35). The 
relative amount of each transcript was calculated using the 
ΔΔ CT method and normalized to the endogenous reference 
gene ribosomal protein L19 (RPL19).

Assessment of Hepatic Ectopic Lipid 
Accumulation

Lipid accumulation in liver was assessed by Oil Red O 
staining and triglyceride content measured using a commer-
cially available Wako L-Type TG M kit (Wako Diagnostics) 
as described previously (13).

Assessment of Hepatic Fibrosis

Collagen deposition as a marker of fibrosis was assessed 
through picrosirius red staining of hepatic sections and 
acid-soluble collagen content in tissue lysates using the 
Sirius Red dye binding (Sircol) assay following the protocol 
described previously (31).

Statistical Analyses

Data from qPCR, and lipid and collagen deposition between 
control and prenatal T-treated groups were analyzed by 
2-tailed t test using Prism software (version 7.0, GraphPad 
software). A  P value less than .05 was considered signifi-
cant. Data were also analyzed by Cohen effect size analysis, 
and effect size with a Cohen d value of 0.8 and above were 

D
ow

nloaded from
 https://academ

ic.oup.com
/endo/article/163/1/bqab225/6413684 by N

C
IPC

 user on 14 M
arch 2025



6 � Endocrinology, 2022, Vol. 163, No. 1

considered as large-magnitude changes, which reflect the 
effect size of difference between the control and prenatal T 
groups.

Results

Descriptive Statistics

Quality control plots generated by MultiQC demonstrated 
that samples across both mRNA and noncoding RNA after 
trimming had high mean read quality scores across all base 
pairs, per sequence GC content ranging from 30% to 70% 
and had sequence duplication levels ranging between 20% 
and 60% (Supplementary Figs. S2 and S3) (35).

Tissue-specific Coding RNA Gene Expression in 
Liver and Muscle

Using an unsupervised PCA model for the control animals, 
clear separation of liver and muscle transcriptome profiles 
(coding RNA) (Fig. 1) was observed in PCA 2D and 3D 
plots, supportive of differences in transcriptome profiles be-
tween the 2 tissues. Supervised OPLS DA performed to filter 
orthogonal to projection unrelated variance in the data im-
proved the model only slightly as the 2 groups were already 
well defined and separated in the PCA model (see Fig. 1).

Similarly, gene expression comparison between liver 
and muscle showed tissue-specific distinct gene expression 
profiles (see Fig. 1; Supplementary Table S3 (35)). The top 
10 differentially expressed genes from the liver and muscle 
are shown in Table 1. The genes highly expressed in the 
liver that related to its plasma protein synthesis function 
include alpha-1-microglobulin/bikunin precursor (AMBP), 
fibrinogen alpha chain (FGA), apolipoprotein H (APOH), 
albumin (ALB), and complement 9 (C9). Other genes such 
as uncharacterized (LOC1011120204), leukocyte cell–de-
rived chemotaxin 2 (LECT2), amine sulfotransferase-like 
(LOC101104832), serpin A3-7-like (LOC101117146), 
and C-reactive protein (LOC101115495) were also among 
the top 10 highly enriched genes in the liver.

In muscle, the highly expressed genes were those confer-
ring contractility to the muscle such as myosin light chain, 
phosphorylatable, fast skeletal muscle, (MYLPF), myosin 
heavy chain 1 (MYH1), MYH2, and myosin light chain 2 
(MYL2) and commonly used markers of skeletal muscle func-
tion namely creatine kinase M-type (CKM) and actin alpha 
1 (ACTA1). In addition, eukaryotic translation elongation 
factor 1 alpha 2 (EEF1A2), myotilin (MYOT), myozenin-1 
(LOC101119610), and adenosine monophosphate deaminase 
1 (AMPD1) were also highly enriched in the muscle tissue.

Analysis of those genes differentially expressed be-
tween liver and muscle in control animals revealed genes 

belonging to 578 gene pathways (FDR < 0.01) (see Fig. 1; 
Supplementary Table S4) (35). Of these, 293 gene path-
ways were specifically enriched in the liver and included 
those related to metabolism of amino acids, lipids, steroids, 
and organic acids that are in line with its functional role. 
In the muscle, 285 gene pathways were enriched including 
myofibrillar, contractile, and skeletal muscle development–
related pathways that are key to the skeletal muscle func-
tion and development.

Tissue-specific Differences in Noncoding RNA 
Expression Between Liver and Muscle

Comparison of tissue-specific expression of ncRNAs 
(lncRNAs, miRNAs, snoRNAs, and snRNAs) between 
the liver and muscle in control animals are shown in 
Supplementary Table S5 (35), and the top 10 ncRNAs from 
each class that are enriched in the liver or muscle are shown 
in Table 2. Both in liver and muscle, several uncharacterized 
lncRNA and snoRNAs were enriched among the top 
10 genes. Among snRNAs, LOC114110196 (adjusted 
P = .090) was found to be highly expressed in muscle but not 
in the liver. The top miRNAs enriched in the liver included 
MIR200A, MIR194, MIR148A, MIR411A, MIR655, 
and MIR369, while in the muscle they included MIR133, 
MIR10B, MIR181A-2, MIR362, MIR150, and MIR30C.

Prenatal Testosterone Treatment–induced Gene 
Expression Changes in Liver and Muscle

Liver
The 2D PCA score plot showed an overlap between the 
control and prenatal T-treated groups (Fig. 2). Further 
examination using the 3D PCA score plot showed clear 
separation between the 2 groups. The OPLS DA that ac-
counted for the variance between the 2 groups also showed 
clear separation between the control and prenatal T-treated 
groups (see Fig. 2).

Comparison of gene expression in the liver between con-
trol vs prenatal T-treated females revealed 32 differentially 
expressed genes at FDR less than 0.05 and absolute log2FC 
greater than 0.5, out of which 15 genes were downregulated 
and 17 genes were upregulated (see Fig. 2; Supplementary 
Table S6) (35). Among the top 10 dysregulated coding 
genes filtered by absolute magnitude (Table 3), genes with 
increased expression included sialomucin core protein 24 
(LOC114112267; log2FC = 7.04, FDR = 5.6×10–7), neur-
onal pentraxin (NPTX2; log2FC = 3.72, FDR = 0.01), splA/
ryanodine receptor domain and SOCS box containing 1 
(SPSB1; log2FC = 2.84, FDR = 0.04), and uncharacterized 
genes (LOC114115603; log2FC = 2.89, FDR = 0.02) 
and (LOC105608433; log2FC = 2.61, FDR = 3.0×10–3). 
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Figure 1.  Coding RNA sample clustering and tissue-specific enrichment in control animals. Principal component analysis (PCA) 2-dimensional (2D) 
and 3-dimensional (3D) score plots and orthogonal partial least square discriminant analysis (OPLS-DA) score plots for the liver and muscle from 
control animals are shown at the top. For the PCA the 2D and 3D plots are plotted with principal component 1 on the x axis and principal component 
2 on the y axis, and for the OPLS-DA score plot with predictive component on the x axis and first orthogonal component on the y axis, showing sep-
aration between the liver (brown) and muscle (pink) from control animals. Each point represents one animal. The volcano plot showing differential 
gene expression comparing liver and muscle in control animals are shown at the bottom left. Genes are plotted by log2 fold change and –log10 ad-
justed P values. The orange points represent genes that have an absolute log2 fold change greater than 0.5 and false discovery rate (FDR) less than 
0.05. Heat map of differentially regulated gene pathways across both liver and muscle at FDR less than 0.01 are shown at the bottom right.

Table 1.  The top 10 highly expressed genes in muscle and liver from control female sheep

Liver Muscle

Gene log2FC Padj Gene log2FC Padj

AMBP –18.36 .000 CKM 17.13 .000
LOC101120204 –17.91 .000 MYLPF 16.26 .000
FGA –17.89 .000 MYH2 16.11 .000
LECT2 –17.88 .000 MYL2 16.08 .000
LOC101104832 –17.42 .000 ACTA1 16.05 .000
APOH –17.33 .000 EEF1A2 16.04 .000
ALB –17.29 .000 MYH1 15.74 .000
C9 –17.24 .000 MYOT 15.45 .000
LOC101117146 –17.23 .000 LOC101119610 15.42 .000
LOC101115495 –17.16 .000 AMPD1 15.24 .000

Genes with adjusted P value(Padj) less than .05 comparing muscle vs liver gene expression in control tissues of the prenatal testosterone cohort. Positive values in 
fold change (FC) denote enriched in muscle and negative values represent downregulation in muscle compared to the liver (enriched in liver).
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Genes with decreased expression included solute car-
rier family 25 member 45 (SLC25A45; log2FC = –2.64, 
FDR = 5.3×10–7), kelch domain containing 7A (KLHDC7A; 
log2FC = 2.88, FDR = 5.4×10-3), unc-13 homolog C 
(UNC13C; log2FC = –2.89, FDR = 0.01), immunoglobulin 
lambda variable 1-40-like (LOC114118875; log2FC = –3.86, 
FDR = 0.02), and deleted in malignant brain tumors 1 protein-
like (LOC114110291; log2FC = –4.73, FDR = 0.04).

Muscle
The 2D PCA plot showed clear differences in the coding 
RNA profiles between control and prenatal T-treated 
groups (see Fig. 2) with the separation becoming more 

distinct in the 3D PCA plot and OPLS DA model (see Fig. 
2). Prenatal T-treatment altered expression of 208 genes 
with FDR less than 0.05 and absolute log2FC greater than 
0.5 (143 upregulated and 65 downregulated) (see Fig. 2; 
Supplementary Table S7) (35). Of the top 10 genes sorted by 
absolute magnitude, 9 genes were upregulated and 1 gene 
was downregulated (see Table 3). The 9 upregulated genes 
included sialomucin core protein 24 (LOC114112267; 
log2FC = 5.29, FDR = 1.30×10–8), FUN14 domain-
containing protein 2 (LOC114118711; log2FC = 4.32, 
FDR = 0.05), CD38 molecule (CD38; log2FC = 3.76, 
FDR = 0.01), multidrug resistance-associated protein 
4-like (LOC105616215; log2FC = 3.35, FDR = 0.04), 

Table 2.  The top 10 genes noncoding RNA differentially expressed between liver and muscle from control female sheep

Highly expressed in liver Highly expressed in muscle

Gene log2FC Padj Gene log2FC Padj

Long ncRNA
LOC114110111 –6.23 .000 LOC105603743 11.09 .000
LOC105603426 –5.5 .000 LOC105604459 7.92 .000
LOC114110424 –4.61 .004 LOC114113790 6.18 .000
LOC114110280 –4.15 .02 LOC114112617 5.25 .01
LOC105616344 –3.79 .000 LOC105604726 5 .006
LOC105608433 –3.72 .05 LOC114109081 4.97 .001
LOC114116879 –3.7 .05 LOC105616014 4.85 .001
LOC114114068 –3.59 .000 LOC114114816 4.83 .003
LOC114116820 –3.56 .06 LOC105613565 4.53 .02
LOC101116687 –3.42 .000 LOC114116861 4.48 .05
MicroRNA
MIR200B –7.77 .000 MIR133 5.3 .001
MIR200A –6.57 .000 MIR10B 5.3 .000
MIR194 –4.95 .000 MIR181A-2 3.26 .000
MIR369 –4.4 .000 MIR362 3.08 .000
MIR148A –3.5 .000 MIR150 2.91 .000
MIR200C –3.28 .000 MIR3955 1.98 .09
MIR152 –2.57 .000 MIRLET7B 1.78 .000
MIR411A –2.5 .000 MIR30D 1.68 .000
MIR655 –2.44 .003 MIR30C 1.65 .000
MIR410 –2.28 .10 MIR30B 1.58 .000
snoRNA
LOC114116284 –4.92 .000 LOC114111821 4.87 .000
LOC114117649 –4.62 .02 LOC114115466 4.59 .05
LOC114116761 –4.2 .002 LOC114114231 4.31 .09
LOC114110519 –4.17 .000 LOC114111320 3.98 .000
LOC114110194 –4.08 .000 LOC114116763 3.95 .08
LOC114117064 –4.03 .000 LOC114115071 3.34 .000
LOC114115928 –3.68 .000 LOC114114261 3.31 .000
LOC114111381 –3.48 .000 LOC114114654 3.09 .000
LOC114113382 –3.48 .000 LOC114111371 2.77 .08
LOC114117378 –3.38 .06 LOC114110700 2.41 .07
snRNA
   LOC114110196 2.55 0.09

ncRNA genes with adjusted P value (Padj) less than .1 comparing muscle vs liver gene expression in control tissues of the prenatal testosterone cohort. Positive 
values in fold change (FC) denote enriched in muscle and negative values represent ncRNA that enriched in liver.
Abbreviations: snoRNA, small nucleolar RNA; snRNA, small nuclear RNA.

D
ow

nloaded from
 https://academ

ic.oup.com
/endo/article/163/1/bqab225/6413684 by N

C
IPC

 user on 14 M
arch 2025



Endocrinology, 2022, Vol. 163, No. 1� 9

Figure 2.  Coding RNA sample clustering and differential expression in liver and muscle from prenatal testosterone (T)-treated animals. The 2-dimen-
sional (2D) and 3-dimensional (3D) principal component analysis (PCA) and orthogonal partial least square discriminant analysis (OPLS-DA) score 
plots showing groupings and separation between control (blue) and prenatal T-treated (orange) groups in the coding RNA from liver and muscle 
tissue are shown at the top. For the PCA the 2D and 3D plots are plotted with principal component 1 on the x axis and principal component 2 on the 
y axis, and for the OPLS-DA score plot with predictive component on the x axis and first orthogonal component on the y axis with each point repre-
senting one animal. The volcano plot showing differential gene expression in the liver or muscle comparing prenatal T-treated animals against control 
animals are shown at the bottom left. Genes are plotted by log2 fold change on the x axis and –log10 P adjusted values on the y axis. Orange points 
denote the genes that have an absolute log2 fold change greater than 0.5 and P adjusted values less than .05. Black dots represent genes that did 
not meet P-adjusted cutoff of less than .05 and absolute log2 fold change greater than .5, and blue dots represent genes that met the absolute log2 
fold change greater than 0.5 but did not meet the P-adjusted cutoff of less than .05. The bar plots at the bottom right represent the number of genes 
differentially modulated that are unique to either liver and muscle or common to both tissues.
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ubiquitin-like protein FUBI pseudogene (LOC101104797; 
log2FC = 3.29, FDR = 0.03), epithelial cell trans-
forming 2 (ECT2L; log2FC = 2.60, FDR = 2.6×10–3),  
endosome-lysosome associated apoptosis and autophagy 
regulator family member 2 (KIAA1324L; log2FC = 2.00, 
FDR = 0.01), uncharacterized (LOC105608691; 
log2FC = 2.48, FDR = 0.02), and WD repeat domain 
27 (WDR27; log2FC = 2.38, FDR = 2.6×10-3). The only 
downregulated gene in the top 10 was galactosidase beta 1 
like 3 (GLB1L3; log2FC = –2.37, FDR = 0.04).

Prenatal T-induced dysregulation of genes in the liver and 
muscle were unique to tissue type barring 2 genes that were 
dysregulated both in liver and muscle (see Fig. 2). Both genes, 
uncharacterized gene (LOC114112267; log2FC = 5.28 
in muscle and log2FC = 7.03 in liver) and G-protein 
coupled receptor-associated sorting protein1 (GPRASP1; 
log2FC = –1.08 in muscle and log2FC = –1.5 in liver) were 
concordant in magnitude and direction of change.

Functional Enrichment of Genes Differentially 
Affected by Prenatal Testosterone Treatment

The number of pathways identified at FDR less than 0.01 
influenced by prenatal T-treatment were lower in the muscle 
than in the liver (Fig. 3; Supplementary Table) S8 (35). 
Prenatal T-treatment induced enrichment of 23 common 
gene pathways among liver and muscle tissues as opposed 
to 198 gene pathways specifically enriched in the liver and 
126 pathways in the muscle (see Fig. 3). Specifically, path-
ways related to mitochondrial membrane pathway (liver 
OR = 0.62, muscle OR = 0.79) were downregulated both 
in the liver and muscle (see Fig. 3). Among gene pathways 
that were uniquely enriched in a tissue-specific manner, 
dysregulation of gene pathways related to lipid catabolic 
pathway, triglyceride catabolic process, and peroxisome 

proliferator-activated receptor  γ (PPARG) signaling were 
evident in the liver (Fig. 4), while pathways involved in the 
ncRNA metabolic process (see Fig. 4) and transcription 
elongation from RNA polymerase II promoter character-
ized the muscle (Supplementary Fig. S4) (35) from prenatal 
T-treated female sheep.

Coding RNA Transcriptome Signatures of 
Prenatal Testosterone Treatment in Liver 
and Muscle

Liver
The OPLS DA S plot (Fig. 5) and VIP plot (Fig. 6) for the 
predictive component and model loadings were used to 
identify potential biomarkers of prenatal T-treatment in 
the liver. Twelve genes that were downregulated and 14 
genes that were upregulated with the prenatal T-treatment 
had the potential to serve as biomarkers/transcriptome 
signatures from the S plot (see Fig. 5). The genes with 
high VIP values (see Fig. 6) and significance (FC without 
FDR correction) that showed decreased expression in the 
liver from prenatal T-treated female sheep included sigma 
nonopioid intracellular receptor 1 (SIGMAR1), nebulin 
(NEB), mannosidase alpha class 1C member 1 (MAN1C1), 
hydroxyacyl-CoA dehydrogenase trifunctional 
multienzyme complex subunit alpha (HADHA), cyclin 
B2 (CCNB2), calcium-activated nucleotidase 1 (CANT1), 
and solute carrier family 25 member 45 (SLC25A45I). 
The genes that showed increased expression include 
uncharacterized genes LOC114113152, LOC106990358, 
LOC101105270, and LOC101106372, alkB homolog 1, 
histone H2A dioxygenase (ALKBH1), G protein-coupled 
receptor 65 (GPR65), immediate early response 5 (IER5), 
and RHO family interacting cell polarization regulator 2 
(RIPOR2). Some of these showed significant FCs based 

Table 3.  The top 10 genes differentially expressed in response to prenatal testosterone treatment in muscle and liver

Liver Muscle

Gene log2FC Padj Gene log2FC Padj

LOC114112267 7.04 .000 LOC114112267 5.29 .000
NPTX2 3.72 .01 LOC114118711 4.32 .05
LOC114115603 2.89 .02 CD38 3.76 .02
SPSB1 2.84 .04 LOC105616215 3.35 .04
LOC105608433 2.61 .003 LOC101104797 3.29 .04
SLC25A45 –2.64 .000 ECT2L 2.6 .003
KLHDC7A –2.88 .005 KIAA1324L 2.5 .02
UNC13C –2.89 .02 LOC105608691 2.48 .02
LOC114118875 –3.86 .02 WDR27 2.38 .003
LOC114110291 –4.73 .04 GLB1L3 –2.37 .04

Genes with adjusted P value (Padj) less than .05 and absolute log2 fold change (FC) greater than 0.5. The top 10 differentially expressed genes based on absolute 
magnitude are listed in the table with their direction of effect.
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on the FDR cutoff of less than 0.05 (see Supplementary 
Table S6) (35): NEB, HADHA, CANT1, SLC25A45, 
LOC106990358, and LOC101106372. SIGMAR1 gene 

and other markers identified did not meet the FDR cutoff 
of less than 0.05 but were very important to the model 
based on loadings and VIP plots.
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Figure 3.  Functional enrichment of pathways enriched in liver and muscle and expression levels of genes in commonly dysregulated pathways. Heat 
map (top left) representing the differentially regulated gene pathways in liver and muscle from prenatal testosterone (T)-treated animals compared 
against control animals and enriched at a false discovery rate (FDR) of less than 0.01. The bar plots (bottom left) represent the number of gene path-
ways differentially modulated that are unique to either liver and muscle or commonly dysregulated in both tissues. Heat map (right) showing genes 
involved in the mitochondrial membrane pathway that is dysregulated both in liver (C = 4, T = 5) and muscle (C = 5, T = 5). The genes associated with 
the gene pathway in controls animals and prenatal T–treated animals are plotted along a gradient of colors, with blue representing the highest and 
yellow the lowest normalized counts.
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Muscle
Both OPLS DA S plot (see Fig. 5) and VIP plot (see Fig. 6) 
together with model loading were used to identify potential 

biomarkers of prenatal T-treatment in the muscle. Sixteen 
genes with lower expression and 18 genes with higher ex-
pression had the potential to serve as signatures of prenatal 
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Figure 4.  Expression levels of genes in dysregulated pathways enriched in either liver or muscle. Heat map showing genes involved in the lipid and 
triglyceride catabolism and peroxisome proliferator-activated receptor γ (PPARG) signaling in the liver (left; C = 4, T = 5) and noncoding RNA (ncRNA) 
metabolic process in the muscle (right; C = 5, T = 5) that are dysregulated in a tissue-specific manner by prenatal testosterone (T) treatment at a false 
discovery rate of less than 0.01. The genes associated with pathways in each tissue from control and prenatal T-treated animals are represented as a 
gradient of colors with blue representing the highest and yellow representing the lowest normalized counts.
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T excess based on the S plot (see Fig. 5). Most of these 
genes showed significant FC compared to controls at the 
FDR cutoff of less than 0.05 (see Supplemental Table S7) 
(35). Among these, prenatal T-treatment downregulated 
the lysine acetyltransferase 2B (KAT2B), UBX domain pro-
tein 2A (UBXN2A), TWIST neighbor (TWISTNB), F-box 
and leucine rich repeat protein 17 (FBXL17), multimerin 
1 (MMRN1), ariadne RBR E3 ubiquitin protein ligase 1 
(ARIH1), N-alpha-acetyltransferase 30, NatC catalytic 
subunit (NAA30), EPM2A glucan phosphatase, laforin 
(EPM2A), syntrophin beta 1 (SNTB1), nucleoporin 58 
(NUP58), SNF8 subunit of ESCRT-II (SNF8), itchy E3 
ubiquitin protein ligase (ITCH), phosphoribosyl pyro-
phosphate synthetase 1 (PRPS1), while upregulating the 
family with sequence similarity 193 member B (FAM193B), 
spermatogenesis-associated 7 (SPATA7), WD repeat do-
main 27 (WDR27), StAR-related lipid transfer domain 
containing 3 (STARD3), centrobin, centriole duplication 
and spindle assembly protein (CNTROB), transmembrane 
protein 82 (TMEM82), FLT3 interacting zinc finger 1 
(FIZ1), rhomboid domain containing 3 (RHBDD3), ALS2 
C-terminal like (ALS2CL), and uncharacterized genes 
LOC105609026, LOC114116862, and LOC101121923.

Prenatal Testosterone Treatment Mediated 
Changes in Noncoding RNA Expression in Liver 
and Muscle

Liver
Long noncoding RNA.  The 2D PCA score plot (Fig. 
7) shows an overlap between the control and pre-
natal T-treated group with separation of the 2 groups 
improving in the 3D score plot (see Fig. 7). The OPLS 
DA performed to identify lncRNA potential biomarkers 
of prenatal T exposure showed 8 lncRNAs that were 
expressed in lower levels and 5 lncRNAs that were 
expressed at higher levels in response to prenatal 
T-treatment, all of which have the potential to serve as 
signatures of prenatal T exposure based on S plot (Fig. 
8), model loadings, and VIP predictive values. These po-
tential markers did not meet the criteria of FDR cutoff 
of less than 0.1 because of within-group variations 
(see Supplementary Fig. S5 and Table S9) (35) but 
LOC114116367 had an unadjusted FC P value of less 
than .05 (P = .0197), and 3 lncRNAs—LOC105604106, 
LOC114111441 and LOC114111438—having a P 
value of less than 0.1 were expressed at lower levels in 
prenatal T-treated liver.

Figure 5.  Liver or muscle specific prenatal testosterone (T)-induced transcriptional signatures. The orthogonal partial least square discriminant ana-
lysis (OPLS-DA) plots for coding RNA from liver (top) and muscle (bottom) showing potential biomarkers of prenatal T-treatment. The up and down 
arrow represents the upregulated and downregulated genes with prenatal T-treatment, respectively. Each point represents one RNA with orange and 
blue points representing the potential biomarkers of prenatal T-treatment that are upregulated and downregulated, respectively.
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Micro RNA.  The 2D PCA score plot showed partial 
overlap of the 2 groups, and this grouping was not im-
proved in the 3D model. OPLS DA showed 3 miRNAs that 
were downregulated and 7 miRNAs that were upregulated 
that had the potential to be used as signatures of prenatal 
T exposure (Fig. 8). No miRNA qualified for the FC FDR 
cutoff criteria of less than 0.1 (see Supplementary Fig. S5 
and Table S9) (35) and only MIR485 had an FC unadjusted 
P value of less than .1. Although MIR381 was identified 
as very important to the model based on loadings and VIP 
values, the FC P value for this miRNA was less than 0.2 
(see Supplementary Table S9) (35).
Small nucleolar RNA.  Overlap of the control animals and 
prenatal T-treated animals were observed for this class of 
ncRNA in the 2D PCA score plot (Fig. 7) with separation 
improving in the 3D PCA score plot where the 2 groups 
were well separated (see Fig. 7). Supervised OPLS DA score 

plot also showed clear separation between the control and 
prenatal T-treated groups (see Fig. 7). Six snoRNAs that 
were downregulated and 5 snoRNAs that were upregulated 
with prenatal T-treatment had the potential to serve as sig-
natures of prenatal T-treatment based on S  plot (Fig. 8), 
loadings, and VIP values. No snoRNAs met the criteria of 
FDR less than 0.1 cutoff (see Supplementary Fig. S5 and 
Table S9) (35). However, 2 snoRNAs—LOC114115927 
and LOC114118771—showed higher expression with pre-
natal T-treatment with an unadjusted FC P value of less 
than .1 (see Supplemental Table S9) (35).
Small nuclear RNA.  The PCA 2D score plot showed tighter 
grouping for prenatal T-treated animals and a large within 
group variation for control animals (see Fig. 7). Additionally, 
there was also no clear separation of the 2 groups in the 3D 
score plot for this PCA model (see Fig. 7). The variation not 
related to prenatal T-treatment was filtered in the OPLS DA 

Figure 6.  Variable importance in the projection (VIP) for predictive component plots. Plots showing the VIP for total RNA in liver (top) and muscle 
(bottom). The plots are plotted with chromosome identification on the x axis (each color representing a chromosome) and VIP values on the y axis. 
The higher VIP value indicates high importance to the model and is responsible for the separation of prenatal T and control animals on the orthog-
onal partial least square discriminant analysis (OPLS-DA) score plot. The top 30 genes-based VIP values are listed on the right side of the plots.
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model leading to considerable improvement in the separ-
ation of the 2 groups in this model (see Fig. 7). Six snRNAs 
showing higher expression and 11 snRNAs showing lower 

expression had the potential to serve as snRNA signatures of 
prenatal T exposure based on the S plot (see Supplementary 
Fig. S7) (35); however, no snRNA showing lower expression 

Figure 7.  Clustering and orthogonal partial least square discriminant analysis (OPLS-DA) plots for noncoding RNA in the liver. The 2-dimensional (2D) 
and 3-dimensional (3D) principal component analysis (PCA) and OPLS-DA score plots for long noncoding RNA (lncRNA), microRNA (miRNA), small 
nucleolar RNA (snoRNA), and small nuclear RNA (snRNA) in liver from control (blue) and prenatal testosterone (T)-treated (orange) animals. For the 
PCA the 2D and 3D plots are plotted with principal component 1 on the x axis and principal component 2 on the y axis, and for the OPLS-DA score 
plot with predictive component on the x axis and first orthogonal component on the y axis with each point representing one animal.
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was confirmed by models loading CIs. Among the ones that 
were selected and upregulated by prenatal T-treatment, 2 
snRNAs (LOC114109175 and LOC114109186) had an 
FC-adjusted P value of less than .1, but none of the snRNAs 
met the FDR cutoff of less than 0.1 to serve as potential bio-
marker (see Supplementary Table S9) (35).

Muscle
Long noncoding RNA.  There were no clear groupings of 
the control and prenatal T-treated animal profiles in the 2D 

score plot (Fig. 9), with samples from the prenatal T group 
showing more within-group variation; however, the two 
groups showed a clear separation on the 3D PCA plot. The 
OPLS DA model also showed a clear separation of the 2 
groups (see Fig. 9). Three lncRNAs that were downregulated 
and 6 that were upregulated by prenatal T-treatment had 
the potential to serve as specific signatures of prenatal 
T-treatment based on S plot, loadings, and VIP values (Fig. 
10). Only one lncRNA—LOC114118460, downregulated 
with prenatal T-treatment—met the FDR cutoff criteria of 

Figure 8.  Prenatal testosterone (T) treatment–altered liver–specific noncoding RNA (ncRNA) potential biomarkers. The orthogonal partial least square 
discriminant analysis (OPLS-DA) plots for ncRNA (long noncoding RNA [lncRNA], microRNA [miRNA], and small nucleolar RNA [snoRNA]) from liver 
showing potential biomarkers of prenatal T-treatment. The up and down arrows represent the upregulated and downregulated genes with prenatal 
T treatment, respectively. Each point represents a noncoding RNA with orange and blue points representing the potential biomarkers of prenatal T 
treatment that are upregulated and downregulated, respectively.
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less than 0.1 (Supplementary Table S10) (35). The lncRNA 
LOC105607815 was found to be downregulated but did 
not reach FC significance but was very influential to the 
model based on S plot, loadings, and VIP values.

Only 5 lncRNAs showed differential expression and 
met the P-adjusted criteria of less than .1 in the muscle (see 
Supplemental Figure S6 and Table S10) (35). All of the 5 differ-
entially expressed lncRNAs were downregulated by prenatal 

Figure 9.  Clustering and orthogonal partial least square discriminant analysis (OPLS-DA) plots for noncoding RNA (ncRNA) in muscle. The 2-di-
mensional (2D) and 3-dimensional (3D) principal component analysis (PCA) and OPLS-DA score plots for long noncoding RNA (lncRNA), microRNA 
(miRNA), small nucleolar RNA (snoRNA), and small nuclear RNA (snRNA) in muscle from control (blue) and prenatal testosterone (T)-treated (or-
ange) animals. For the PCA the 2D and 3D plots are plotted with principal component 1 on the x axis and principal component 2 on the y axis, and 
for the OPLS-DA score plot with predictive component on the x axis and first orthogonal component on the y axis with each point representing one 
animal.
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T-treatment (Table 4) and included uncharacterized noncoding 
RNA genes (LOC105607806; log2FC = –2.63, Padj = 2.14E-
02, LOC114112617; log2FC = –2.22, Padj = 8.13E-
04, LOC114112974; log2FC = –1.72, Padj = 3.65E-02, 
LOC114113790; log2FC = –2.21, Padj = 8.98E-04, and 
LOC114118460; log2FC = –2.18, Padj = 8.78E-04).
Micro RNA.  Whereas there was no separation of the 
2 groups in the 2D PCA plot and the prenatal T ani-
mals showed within-group variance, clear separation was 

evident in the 3D PCA plot (see Fig. 9). OPLS DA score 
plot also showed clear separation of the 2 groups. Four 
miRNAs that were downregulated and 3 miRNAs that 
showed higher expression with prenatal T-treatment had 
the potential to serve as miRNA signatures of prenatal T 
exposure based on S plot (see Fig. 10), but MIR376C and 
MIR655, which were upregulated, were not confirmed by 
loading CIs. No miRNA selected met the FC FDR cutoff of 
less than 0.1 (see Supplementary Table S10) (35) although 

Figure 10.  Prenatal testosterone (T) treatment–altered muscle-specific noncoding RNA (ncRNA) potential biomarkers. The orthogonal partial least 
square discriminant analysis (OPLS-DA) S plots for ncRNA (long noncoding RNA [lncRNA], microRNA [miRNA], and small nucleolar RNA [snoRNA]) 
from muscle showing potential biomarkers of prenatal T treatment. The up and down arrows represent the upregulated and downregulated genes 
with prenatal T treatment, respectively. Each point represents an ncRNA with orange and blue points representing the potential biomarkers of pre-
natal T treatment that are upregulated and downregulated, respectively.
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1 miRNA (MIR10B) that was downregulated had an un-
adjusted FC P value of less than .05. Two downregulated 
miRNAs (MIR10A and MIR374B) and 1 upregulated 
miRNA (MIR369) had an unadjusted FC P value of less 
than .1.
Small nucleolar RNA.  There was no separation between 
the control and prenatal T-treated groups on the 2D PCA 
score plot, with more within group variation in the pre-
natal T-treated group (see Fig. 9). However, 3D PCA score 
plot showed clear groupings and good separation between 
the 2 groups (see Fig. 9). The OPLS DA score plot showed 
improvement and a clear separation of prenatal T and con-
trol animals (see Fig. 9). Eight snoRNAs with lower expres-
sion and 8 snoRNAs with higher expression had potential 
to serve as signatures of prenatal T exposure based on S 
plot (see Fig. 10). No snoRNA met the FDR criteria of less 
than 0.1 (see Supplementary Table S10) (35), with only one 
downregulated snoRNA (LOC114113401) with an un-
adjusted P value of less than .1 (P = .05).
Small nuclear RNA.  The control and prenatal T-treated 
groups were clearly separated in 2D and 3D PCA score plots 
(see Fig. 9). OPLS DA score plot also showed clear separ-
ation and groupings of control and prenatal T-exposed ani-
mals (see Fig. 9). Six snRNAs with lower expression with 
prenatal T exposure and 10 snRNAs showing higher ex-
pression had the potential to serve as signatures of prenatal 
T-treatment based on S plot (see Supplemental Fig. S7) (35). 
Four snRNAs that were downregulated (LOC114111412, 
LOC114111395, LOC114115462, and LOC114116759) 
and 4 that were upregulated (LOC114117108, 

LOC114117109, LOC114117110, and LOC114108902) 
were confirmed by loadings. No snRNA met the FC FDR 
criteria (see Supplementary Fig S6 and Table S10) (35); how-
ever, 4 downregulated identified markers had unadjusted P 
values of less than .05 (LOC114111412, LOC114111395, 
LOC114117093, and LOC114117060).

Correlation of Noncoding RNA With Messenger 
RNA (mRNA)/Correlation of Potential Biomarkers 
With mRNA Expression

Since none of the ncRNA were differentially expressed by 
prenatal T-treatment in the liver (Supplementary Fig. S5 and 
Table S9) (35), no correlation between ncRNA-mRNA was 
performed for this tissue. In the muscle, analysis of ncRNA 
interactions with mRNA using differential gene correl-
ation analysis revealed significant correlation in 3 ncRNA-
mRNA pairs in prenatal T-treated female sheep (Table 
5). Of these, the downregulated uncharacterized lncRNA 
LOC114113790 correlated with increased expression for 
transcription factor zinc finger protein 470 (ZNF470), 
while the downregulation of 2 lncRNAs—LOC114112974 
(Fig. 11) and LOC105607806 (see Supplementary Fig. 
S8)—correlated with the reduced expression of thiamin 
pyrophosphokinase 1 (TPK1). The mRNA expression 
of ZNF470 and TPK1 were validated by qPCR analysis. 
The gene expression changes for both genes were in line 
with RNA-seq analysis with a large magnitude increase in 
expression for ZNF470 and a trend (P = .05) toward de-
creased expression of TPK1 with prenatal T-treatment (see 
Fig. 11).

Validation of Differentially Expressed Gene 
Expression and Gene Pathways

To validate the RNA-seq determined differentially ex-
pressed genes involved in lipid metabolism—LPL, 
SREBF1, HADHA, and PLIN2, histone methylating 
enzyme SMYD3, and antioxidants SOD2—were com-
pared with results from qPCR analysis. Measures of 
SREBF1, LPL, PLIN2, SMYD3, and SOD2 represent 
results for the animals used in this study, which were 
part of a previously published study involving a larger 

Table 4.  Long noncoding RNA modulated (with adjusted 

P value [Padj] < .1) in response to prenatal testosterone 

treatment in muscle

lncRNA log2FC Padj

LOC114112974 –1.72 .04
LOC114118460 –2.18 .001
LOC114112617 –2.2 .001
LOC114113790 –2.21 .001
LOC105607806 –2.63 .02

Abbreviations: FC, fold change; lncRNA, long noncoding RNA.

Table 5.  Long noncoding RNAs that correlated with messenger RNA in muscle from prenatal testosterone-treated animals

lncRNA mRNA Control correlation Control P Prenatal T correlation Prenatal T P Z score diff P diff Classes

LOC114113790 ZNF470 0.959 .041 0.952 .048 –0.064 .949 +/+
LOC114112974 TPK1 –0.998 .002 0.972 .028 4.048 .000 –/+
LOC105607806 TPK1 –0.988 .012 0.988 .012 3.604 .000 –/+

Abbreviations: diff, difference; lncRNA, long noncoding RNA; mRNA, messenger RNA; T, testosterone.
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cohort of animals (13, 32). In line with the observations 
of the RNA-seq analysis, results from qPCR analysis also 
showed significant decrease in PLIN2 expression, large 
magnitude decrease in LPL, SREBF1, and HADHA and 
large magnitude increase in SOD2 mRNA expression 
(Fig. 12). However, SMYD3 changes noted by RNA-seq 
analysis did not parallel results from PCR analysis (see 
Fig. 12).

Since RNA sequence analyses revealed downregulation 
of pathways involved in lipid catabolism, the effect on hep-
atic lipid accumulation was examined. Consistent with 
what was reported previously (13), prenatal T-treatment–
induced increase in lipid accumulation by both Oil Red 
O staining and triglyceride content were evident in the 
subset of animals used for RNA-seq analysis (see Fig. 12). 
Likewise, in line with the increased expression of collagen 
type XVIII alpha 1 chain (COL18A1; see Supplementary 
Table S6) (35), collagen content in the liver from pre-
natal T-treated animals was also increased as evident by 
picrosirius red staining and acid soluble collagen measure-
ment (see Fig. 12).

Discussion

Using high-throughput next-generation sequencing, the 
findings in this study point to similar as well as distinct 
patterns of mRNA and ncRNA expression in the liver and 
muscle. The tissue-specific expression of coding RNA is in 
line with the physiological functions of each tissue. Prenatal 
T-treatment culminated in similar, as well as tissue-specific, 
changes in gene networks in liver and muscle. Both meta-
bolic tissues manifested dysregulation of genes related to 
mitochondrial function that powers the cell’s biochemical 
reactions. Prenatal T excess downregulated genes related 
to lipid and triglyceride catabolism and PPARG signaling, 
in keeping with hepatic lipid accumulation and insulin re-
sistant state of the liver (12, 13). In the muscle, 5 discrete 
lncRNAs were downregulated by prenatal T-treatment, 
with 2 lncRNAs correlated with an antioxidant gene and 
a third lncRNA correlated with a zinc finger transcription 
factor involved in the regulation of many cellular processes 
and differentiation of several tissues. Leveraging the pre-
dictive ability of OPLS-DA, VIP plots identified tissue-
specific coding and ncRNAs (HADHA and SLC25A45, 

Figure 11.  Correlation of coding and noncoding RNA (ncRNA) expression in muscle from prenatal testosterone (T)-treated animals. Box plots rep-
resenting the average normalized counts for long noncoding RNA (lncRNA) and messenger RNA (mRNA) pairs that showed significant correlation 
are shown on the left. The treatment groups—control (C) or prenatal T (T)—are denoted on the x axis and the average normalized counts and fold 
change vs C on the y axis are denoted by RNA sequencing (RNA-seq) and quantitative polymerase chain reaction (qPCR; gray-shaded box) analyses, 
respectively. The line plots representing the correlation of expression between the lncRNA-mRNA in treatment group are shown at right. Correlation 
between lncRNA-mRNA for each pair is represented in orange line for C animals and as a green line for prenatal T-treated animals.
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and miRNAs 154A, 25, and 487B in the liver and ARIH1 
and ITCH and miRNAs 369, 10A, and 10B in the muscle, 
respectively) that have the potential to serve as signatures 
of prenatal T treatment. The relevance of these findings and 
their relationships with the metabolic changes induced by 
prenatal T excess are discussed next.

Liver- and Muscle-specific Gene Expression in 
Control Female Sheep

Although both liver and skeletal muscle tissues play a role 
in the maintenance of energy homeostasis and insulin sensi-
tivity of the organism (42), considerable divergences in gene 
expression patterns are evident between liver and skeletal 
muscle, likely a reflection of their functional role and em-
bryonic origin. These findings in sheep, a precocial, large-
animal model, agree with earlier reports from mice (43), 
pigs (44), and humans (45). Liver is a vital organ involved 
in the efficient uptake and metabolism of amino acids, 
carbohydrates, bile acids, cholesterol, proteins, lipids and 
vitamins, biotransformation of endogenous and exogenous 
chemicals, and synthesis of plasma proteins (46), and genes 
involved in these processes are highly expressed. Similarly, 
consistent with the presence of actin and myosin proteins 

in muscle fibers (47), myosin family genes and myofibrillar 
protein genes are highly enriched in skeletal muscle.

As with coding RNA, tissue-specific changes in ncRNA 
were evident in all classes. Although evidence exists re-
garding the importance of many ncRNAs in the devel-
opment and progression of hepatic and muscular defects 
(48-50), the understanding of the physiological role played 
by these ncRNAs is limited. Other studies have shown a 
role for MIR200 in the maintenance of hepatic function 
through regulation of fatty acid metabolism and control of 
hepatic stellate cells proliferation (51, 52).

Effect of Prenatal Testosterone Treatment on Liver 
Gene Expression

Prenatal T-treatment programs hepatic insulin resistance 
(12, 53), accompanied by increases in negative mediators 
of insulin signaling, namely increases in oxidative stress, 
lipotoxicity, and collagen accumulation (13, 31) in female 
sheep. These changes reflect metabolic injury–associated in-
creases in hepatic fibrosis (54). In agreement with this func-
tional phenotype, prenatal T-treated livers had increased 
expression of COL18A1. However, prenatal T-treated ani-
mals also manifested increased expression of SPSB1 (see 

Figure 12.  Validation of RNA sequencing (RNA-seq)-determined differential gene expression in liver from prenatal testosterone (T)-treated sheep. 
Histograms representing the average fold change for messenger RNA (mRNA) from RNA-seq and quantitative polymerase chain reaction (qPCR) 
analysis. The treatment groups—control (C) or prenatal T (T)—are denoted on the x axis and the average normalized counts and fold change vs C 
on the y axis are denoted by RNA-seq and qPCR (gray-shaded box) analyses, respectively, at the top left. Lipid accumulation from oil red O staining 
and triglyceride assay and collagen deposition by collagen assay and picrosirius red staining from C and T animals are shown at the top right. The 
data from the larger cohort for some of these genes, lipid accumulation, and collagen deposition were previously published (13, 31, 32). The gene 
expression changes in prenatal T-treated animals from qPCR and RNA-seq analysis and its link with systemic and hepatic specific changes are sum-
marized (bottom).
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Table 3), a negative regulator of profibrotic transforming 
growth factor  β (TGFB) 1 signaling pathway (55), and 
NPTX2, a modulator of immunological responses (56) 
that is associated with amelioration of obesity-associated 
liver steatosis in rats (57). These changes suggest a remedial 
response to overcome the fibrotic and inflammatory pheno-
type typically associated with hepatic steatosis.

Pathway analysis indicated clear dysregulation of gene 
pathways associated with mitochondrial function, PPAR 
signaling, and lipid catabolism, which are related with hep-
atic insulin resistance and steatosis phenotype. Considering 
the majority of fatty acid oxidation in the liver occurs in 
mitochondria (58), downregulation of mitochondrial mem-
brane proteins including carnitine palmitoyltransferase 
(CPT), an enzyme required for the transport of long-chain 
fatty acyl-CoAs from the cytoplasm into the mitochondria 
(59), along with triglyceride- and lipid catabolism–related 
genes are consistent with prevention of lipid metabolism. 
In the liver, PPARG, in addition to regulating glucose sen-
sitivity, fatty acid uptake and mobilization, and trigly-
ceride synthesis, appears to have an anti-inflammatory and 
antifibrotic role (60, 61). Loss of hepatic PPARG in mice 
is associated with increased blood triglycerides, ectopic 
lipid accumulation in other tissues, and insulin resistance 
in muscle (62, 63). The downregulation of the PPARG gene 
pathway in the liver from prenatal T-treated sheep paral-
lels findings from the mice study supporting the contribu-
tory role for PPARG in the development of the pathological 
phenotype in the liver and muscle. Taken together these ob-
servations indicate dysregulation at multiple levels ranging 
from transcriptional control to lipid metabolism and trans-
port as contributors to the development and maintenance 
of hepatic steatosis in the liver of prenatal T-treated sheep.

Effect of Prenatal Testosterone Treatment on 
Muscle Transcriptome

As is the case with the liver, skeletal muscle from prenatal 
T-treated sheep is characterized by insulin resistance and 
lipid accumulation (12, 13, 53). Furthermore, skeletal muscle 
of prenatal T-treated sheep manifested mitochondrial dys-
function, reflected as reduced mitochondrial copy number 
(31). Consistent with prenatal T excess–induced mitochon-
drial dysfunction, RNA-seq analyses (this study) found 
dysregulation of mitochondrial pathway genes that included 
downregulation of CPT1B, a muscle-specific mitochondrial 
enzyme involved in lipid transport into mitochondria (59). 
RNA-seq analysis also revealed downregulation of genes in-
volved in cellular bioenergetics (synthesis of nicotinamide 
adenine dinucleotides NAD+ and NADP and their reduced 
forms NADH and NADPH) (64, 65) and mitochondrial bio-
genesis (66), such as nicotinamide phosphoribosyltransferase 

(NAMPT; see Supplementary Table S7) (35). Downregulation 
of CPT1B and NAMPT, coupled with reduced mitochondrial 
copy number (59), may underlie the increased triglyceride ac-
cumulation in the skeletal muscle of the prenatal T-treated 
sheep. Dysregulation of multiple gene pathways involved in 
RNA and ncRNA metabolism suggests involvement of epi-
genetic or transcription factor mechanisms in programming 
the metabolic defect in this model.

Potential Transcriptional Signatures of 
Prenatal Testosterone Exposure

Analytic Considerations

A strength of our study is the use of 2 complementary ana-
lytic approaches, traditional single transcript differential 
expression analysis (DEseq2), and dimension reduction 
multivariate modeling (PCA and OPLS-DA). Although RNA-
seq is a very sensitive technique that can detect transcripts as 
low as only a few copies (67), measurement of thousands 
of coding and nc transcripts with few observations presents 
analytic challenges. Traditional single-transcript differential 
expression analysis with DEseq2 is an unbiased discovery 
that can identify many correlated associations, while di-
mension reduction multivariate modeling techniques (PCA 
and OPLS-DA) can identify informative transcriptional sig-
natures of prenatal T-treatment. By reducing the data into 
fewer weighted variables (components) by combining related 
information, this approach helps reduce model complexity 
and retain prediction power (68). Such approaches that have 
been successfully used in the analyses of metabolomics data 
(69) to uncover patterns in big data sets were used in this 
study to help identify specific mRNA signatures.

The dimension reduction multivariate modeling tech-
nique also can be applied to ncRNA, important modulators 
of metabolic programming, that pose additional challenges 
due to lower expression levels (70). When the normalized ex-
pression values in the sample are very low (sometimes below 
one) with many zero values in the data, significance testing 
using the traditional negative binomial distribution can lack 
power (71, 72). By using unit variance scaling to give import-
ance to these low-expressing transcripts, we identified po-
tential ncRNA signatures of prenatal T-treatment. Many of 
the ncRNAs identified are yet to be characterized, and thus 
their functional significances are unknown. Advancement in 
functional genomics and the bioinformatics fields will aid in 
investigating the roles played by these nc transcriptome sig-
natures on molecular mechanisms.

Functional Considerations

Consistent with differential gene expression, predictive 
component plots both in the liver and muscle showed 
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gene expression patterns reflective of the functional out-
comes programmed by prenatal T-treatment (Fig. 12). In 
the liver, predictive plots identified prenatal T-treatment 
downregulation of HADHA and SLC25A45, genes in-
volved in mitochondrial function. The HADHA gene en-
codes a mitochondrial protein that catalyzes the last 3 steps 
of mitochondrial β-oxidation of long chain fatty acids (73). 
The SLC25A45 gene belongs to the SLC25 mitochondrial 
solute carrier family and is a transmembrane protein lo-
cated in the mitochondrial outer membrane involved in 
lipid transfer from the endoplasmic reticulum to mito-
chondria (74, 75). Similar downregulation of HADHA 
(76) and SLC25 member SLC25A47 (77) expression have 
been shown to be associated with lipid accumulation in the 
high-fat diet–fed rodent liver. In muscle, predictive compo-
nent plots identified downregulation of ARIH1 and ITCH, 
members of E3 ubiquitin ligases that catalyze the ubiqui-
tination of proteins for degradation by the 26S proteasome 
(78). These ligases have a role in the development of insulin 
resistance either by directly degrading insulin signaling 
molecules, or indirectly by regulating proinflammatory 
cytokines (79). Downregulation of Pellino3, an E3 ubi-
quitin ligase family member, is associated with insulin re-
sistance in high-fat diet–fed mice (80).

Changes in ncRNA with prenatal T-treatment were also 
relevant to hepatic insulin resistance, steatosis, and fibrosis. 
In the liver, increased MIR487B expression may contribute 
to the hepatic insulin resistance observed in the model, as 
this miRNA can ablate insulin signaling by silencing insulin 
receptor substrate (81). Likewise, increased MIR154A and 
lower MIR25 may be linked to hepatic fibrosis. Increased 
MIR154A was observed with myocardial fibrosis (82), 
while the reduction in MIR25 levels promote TGFB 
signaling, an inducer of collagen expression in liver (83). In 
muscle, the upregulation of MIR369 and downregulation 
of MIR10A and MIR10B parallel observations in skeletal 
muscle from an insulin resistant high fat diet-fed mouse 
model (84). These findings, along with downregulation of 
genes involved in lipid catabolism (this study), the presence 
of hepatic steatosis in the liver (13), dysregulation of mito-
chondrial gene pathways (this study), and presence of in-
sulin resistance in liver and muscle (12, 13, 53) support 
these genes as potential biomarkers associated with pre-
natal T excess induced metabolic dysfunctions.

Relationship Between Coding and 
Noncoding RNA

Coding RNA that regulates biological processes can be 
regulated by ncRNA. In skeletal muscle from prenatal 
T-treated animals, lncRNAs correlated with coding RNA 
ZNF470 and TPK1 expression. There is limited information 

regarding the role of ZNF470, a member of the zinc finger 
family of transcription factors; however, a closely related 
member, ZNF479, is involved in transcriptional control of 
metallothioneins (85), which, owing to their high affinity, 
serve as scavengers of heavy metals and reactive oxygen 
species and hence help prevent cellular damage (86). In 
contrast, TPK1, an antioxidant that exerts its action by 
generating thiamine pyrophosphate, a suppressor of super-
oxide, hydroperoxide, and hydroxyl radical (87), had lower 
expression with prenatal T-treatment. Since lipid accumula-
tion and mitochondrial dysfunction lead to the production 
of reactive oxygen species, and the overall oxidative state is 
dictated by the balance between oxidants and antioxidants, 
how the changes in ZNF470 and TPK1 expression con-
tribute to maintenance of skeletal muscle oxidative status 
requires further study.

Translational Significance

Prenatal T-treated sheep manifest metabolic dysfunc-
tion characteristic of nonalcoholic fatty liver disease 
(NAFLD) (88), PCOS (89, 90), and metabolic syndrome 
(91). Peripheral insulin resistance, dyslipidemia, oxidative 
stress, and hepatic steatosis and fibrosis in the prenatal 
T-treated female sheep (see Fig. 12) (13, 31) are typic-
ally present in NAFLD (92). Therefore, the findings from 
this study of changes in expression of coding RNA and 
ncRNA with functional linkage to insulin resistance, lipid 
metabolism, mitochondrial dysfunction, and fibrosis are 
of translational significance. Among NAFLD patients, 
the progression to liver fibrosis occurs in one-third of pa-
tients within 4 and 5  years of diagnosis, along with in-
creased expression of collagen and profibrinogenic TGFB 
signaling (54, 92), a feature also observed in prenatal 
T-treated sheep. Similarly, mitochondrial dysfunction has 
an important role in the pathogenesis of PCOS, NAFLD, 
and other metabolic dysfunctions (93-98). In agreement 
with this, a decrease in mitochondrial oxidative metab-
olism and β-oxidation gene expression were observed in 
PCOS skeletal muscle (99) and in liver and skeletal muscle 
from NAFLD patients (100, 101). These changes may be 
regulated by ncRNA, as emerging studies have linked mul-
tiple miRNAs with progression of NAFLD and PCOS (21, 
102). The dysregulation of multiple miRNAs targeting 
β-oxidation, glucose metabolism, and oxidative and in-
flammatory status in obesity-associated NAFLD (103, 
104) provide support for the premise. Since the phenotype 
of prenatal T-treated sheep mimics the NAFLD and PCOS 
phenotype, these transcriptional signatures of coding and 
ncRNA linked with the lipid metabolism and fibrosis 
may provide potential therapeutic targets that may aid in 
ameliorating these conditions.
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Strengths and Limitations

Animal models cannot fully replicate the physiological en-
vironment of heterogeneous human patient populations; 
however, these models are designed to reduce heterogen-
eity by controlling potential confounders arising from 
genetic, nutritional, and environmental backgrounds. As 
such, the use of animal models with similar physiology 
will likely be relevant if the mechanisms understood are 
fully translatable. In this regard, the major strengths of this 
study are the use of an animal model of translational sig-
nificance to human PCOS and NAFLD (105-108), using 
2 metabolically relevant organs, comprehensive RNA-seq 
of coding RNA and ncRNA coupled with bioinformatic 
approaches and validation of phenotypically relevant dif-
ferentially expressed genes in liver and muscle by qPCR. 
The findings from this study should be interpreted while 
considering a few limitations. One limitation is that these 
studies were performed on whole liver and muscle, which 
in addition to hepatocytes and myocytes, respectively, are 
composed of a diverse array of immune and vascular cells. 
Therefore, future studies need to capitalize on these find-
ings to understand how these identified mRNA and ncRNA 
have mechanistic roles at the cellular level. In addition, al-
though there is evidence supporting a strong correlation 
between differentially expressed mRNAs and their protein 
products (109), while functional evidence with increase in 
lipid and collagen accumulation is evident, further studies 
encompassing protein and activity of the identified tar-
gets are necessary. These studies were carried out in female 
sheep from ovariectomized animals, and tissues were col-
lected during the artificial follicular phase with higher es-
trogenic milieu. Future studies need to expand into how 
these changes occur in male offspring and under different 
steroidal backgrounds.

Conclusions

The findings from this study expand our previous pheno-
typic and functional characterization of the effects of pre-
natal T-treatment in the liver and muscle, and provide 
mechanistic understandings into the development of hep-
atic and muscle metabolic dysfunctions. Identification of 
several coding RNA and ncRNA signatures of prenatal 
T excess offer possible diagnostic and therapeutic tar-
gets. Future studies are needed to further understand and 
ameliorate the metabolic dysfunctions in the offspring of 
hyperandrogenic pregnancies.
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