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Abstract 

Understanding ho w e x ercise impro v es whole-body insulin sensitivity (Si) in v olv es comple x molecular signaling. T his study e xamines sk eletal 
muscle gene expression changes related to Si, considering sex differences, exercise amount, and intensity to identify pharmacologic targets 
mimicking e x ercise benefits. Fifty -three participants from STRRIDE (Studies of Targeted Risk R eduction Interv entions through Defined Exercise) I 
and II completed eight months of aerobic training. Gene expression was assessed via Affymetrix and Illumina technologies, and Si was measured 
using intra v enous glucose tolerance tests. A no v el disco v ery protocol integrating literature-deriv ed and data-driv en modeling identified causal 
pathw a y s and direct transcriptional targets. In w omen, e x ercise amount primarily influenced transcription factor targets, which were generally 
inhibitory, while in men, e x ercise intensity dro v e activ ating targets. Common transcription f actors included A TF1, CEBP A, BACH2, and ST A T1. 
Si-related transcriptional targets included TACR3 and TMC7 for intensity-driven effects, and GRIN3B and EIF3B for amount-driven effects. Two 
k e y pathw a y s mediating Si impro v ements w ere identified: estrogen signaling and protein kinase C (PKC) signaling, both con v erging on the 
epidermal gro wth f actor receptor (EGFR) and other rele v ant targets. T he molecular pathw a y s underlying Si impro v ements v aried b y se x and 
e x ercise parameters, highlighting potential skeletal muscle-specific drug targets such as EGFR to replicate the metabolic benefits of e x ercise. 
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Introduction 

Exercise training provides substantial health benefits; how-
ever, too few individuals adopt and maintain it as a lifelong
health strategy [ 1 ]. Consequently, there is significant interest
in developing pharmacologic alternatives able to replicate the
health effects of exercise [ 2 ]. To facilitate such pharmacologic
development, a deeper understanding is needed of the com-
plex, pleiotropic, and sex-specific physiological effects of ex-
ercise, which occur across multiple organ systems. Identifying
specific molecular mediators and causal pathways that con-
nect specific exercise regimens to specific health outcomes is a
crucial step in developing therapeutics that mimic the effects
of exercise. 

Given the substantial role of whole-body insulin action as
a marker and mediator of cardiometabolic risk and dysfunc-
tion, skeletal muscle insulin sensitivity (insulin sensitivity in-
dex, Si) presents a potentially powerful pharmaceutical target.
Extensive literature in both humans and animals indicates that
exercise-induced improvements in whole-body insulin sensi-
tivity are closely linked to molecular processes and adapta-
tions in skeletal muscle [ 3–6 ]. Based on this rationale, the pur-
pose of this study is to causally model the effects of aerobic
exercise training on the skeletal muscle transcriptome and its
functional relationship to changes in Si [ 7 ]. 

This study leverages data from the STRRIDE (Studies of
Targeted Risk Reduction Interventions through Defined Exer-
cise) series, which examined the effects of varying amounts,
intensities, and modes of exercise training on cardiometabolic
disease risk factors [ 8–11 ]. Conducted between 1998 and
2013, the three STRRIDE studies were designed to explore
the temporal effects of eight months of exercise training
and subsequent detraining on key clinical cardiometabolic
and physiological outcomes. They also investigated the dose-
response and mode-specific effects of exercise on these out-
comes, with a focus on the molecular mechanisms in skeletal
muscle mediating these effects. These studies have produced
a robust repository of demographic, clinical, and molecular
data from 920 enrollees and 580 completers across the three
cohorts. 

For this study, we utilized data from a subset of partici-
pants who completed aerobic exercise training in STRRIDE
I and II. We hypothesized that transcription factor targets
would be influenced by biological sex and specific parame-
ters of the exercise training programs (e.g. amount and in-
tensity). To identify regulatory and regulated elements lead-
ing to exercise-induced changes in Si, we employed two com-
plementary approaches: integrative molecular physiology and
advanced machine learning and causal discovery methods. 

Materials and methods 

Study cohort 

This analysis focused on the aerobic exercise training groups
from the STRRIDE I and II studies (NCT00200993 and
NCT00275145) [ 8 , 9 ]. This study was conducted under the
oversight of the Duke University IRB; all participants agreed
to participate by signing an IRB-approved consent form. Ex-
ercise training groups were categorized using a two-digit code
based on the exercise program’s amount and intensity: low
amount (1) of moderate intensity (1), low amount (1) of vig-
orous intensity (2), and high amount (2) of vigorous intensity
(2). These categories were labeled as 1–1, 1–2, or 2–2, allow-
ing us to study the effects of exercise amount while controlling 
for intensity, and the converse ( Supplementary Table S1 ). The 
exercise amount was prescribed as kilocalories expended per 
kilogram of body weight per week (KKW), with low amount 
defined as 14 KKW and high amount as 23 KKW. Exercise in- 
tensity was prescribed relative to participants’ baseline peak 

oxygen consumption ( ̇  V O2), assessed through a maximal car- 
diopulmonary exercise test. Moderate intensity was set at 
40%–55% of peak 

˙ V O2, and vigorous intensity at 65%–80% 

[ 8 ]. Participants adhered to their assigned exercise protocol 
for eight months, with a median adherence rate of 91.0% (In- 
terquartile ranges (IQR) 79.8%–99.8%). 

Participant characteristics 

The STRRIDE I and II studies recruited physically inactive 
adults (defined as fewer than one self-reported exercise ses- 
sion per week) aged 18–70 years, who had overweight or class 
I obesity (BMI 25–35 kg / m 

2 ), dyslipidemia, and metabolic 
syndrome, but without overt coronary artery disease or di- 
abetes [ 9 ]. Data for this analysis were drawn from 53 partic- 
ipants who had both pre- and post-training insulin sensitiv- 
ity index (Si) measured using the FSIVGTT (described below),
and skeletal muscle genome-wide gene expression data meet- 
ing quality control standards. All women qualifying for STR- 
RIDE I and those selected from STRRIDE II for this analysis 
were postmenopausal. Of 49 total participants selected for the 
initial analysis, 26 were women and 10 were on hormone re- 
placement therapy. 

Muscle sampling and FSIVGTT 

Muscle biopsies were taken from the vastus lateralis before 
the initiation of the exercise training protocol (pre) and 16–
24 h after the last training session (post) [ 12 ]. Total muscle 
RNA was prepared as described and used for gene expression 

analyses [ 12 ]. The FSIVGTT was conducted over three hours 
to assess blood glucose, insulin, and modeled Si at both pre- 
and post-training time points for all participants [ 13 ]. 

Skeletal muscle genome-wide gene expression 

As previously described [ 12 ], muscle gene expression data 
were obtained for 39 participants using the Affymetrix HU 

U133 Plus 2.0 chip and for 42 participants using the Illumina 
HT-12 v4 Expression chip. The data were harmonized using 
standard NCBI gene identifiers, with 28 participants having 
data available on both platforms. For the Affymetrix analy- 
sis, there were five men and five women from each interven- 
tion group. A summary of participant demographics is pro- 
vided in Table 1 . Data supporting this analysis are available 
at the following GEO registrations: U133 Plus Series, Acces- 
sion: GSE47969, ID: 200047969; Illumina Series, Accession: 
GSE83352, ID:200083352. 

Overall analytic strategy to identify molecular 
targets of exercise-induced changes in insulin 

sensitivity 

The overall analytic strategy is illustrated in Fig. 1 . Initially,
we used a previously described approach [ 14–16 ] to con- 
struct a regulatory circuit model based on our entire obser- 
vational gene expression dataset, which included harmonized 

Affymetrix and Illumina data. This model related exercise in- 
tensity and amount to changes in muscle transcription factor 

https://academic.oup.com/narmolmed/article-lookup/doi/10.1093/narmme/ugaf010#supplementary-data
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Table 1. Effects of e x ercise training on insulin action in study cohorts 

STRRIDE I and II Discovery (Affymetrix) Validation (Illumina) 

Pre Post Pre Post Pre Post 

N (m,f) 319 (171 148) 39 (21,18) 42 (19,23) 
Age, y 50 ± 9 52 ± 8 51 ± 10 
Body mass 

Height (cm) 179 ± 9 169 ± 10 168 ± 9.8 
Mass (kg) 88.0 ± 13.2 87.0 ± 13.3 86.6 ± 13.4 85.0 ± 13.4 84.2 ± 10.9 83.8 ± 11.1 
BMI (kg / m 

2 ) 30.0 ± 3.0 29.5 ± 3.5 30.4 ± 2.8 29.8 ± 2.7 29.7 ± 2.8 29.5 ± 2.8 
Insulin action 

Si (mU / l / min) 3.9 ± 3.4 4.8 ± 4.1* 3.8 ± 2.6 4.9 ± 3.2* 4.5 ± 3.0 6.6 ± 5.7* 
Change in Si (%) 46 ± 84* 44 ± 62* 61 ± 88* 
Fasting insulin (U / l) 9.3 ± 5.8 8.2 ± 4.8* 8.8 ± 6.1 7.5 ± 4.2 8.6 ± 6.7 7.5 ± 4.2 
Fasting glucose (mg / dl) 94.3 ± 10.3 94.3 ± 9.5 95.0 ± 10.4 95.8 ± 9.7 92.6 ± 11.6 94.2 ± 9.3 

Data are means ± SD. * P < 0.05 compared to Pre. 

Figure 1. Conceptual design. A candidate list of gene transcription targets was developed through three approaches: ( A ) identification of a set of gene 
transcription factors modified by exercise depending on amount and intensity of exercise and biological sex constrained by prior knowledge. ( B ) 
Identification of a set of genes causally related to and constrained by their relation to change in insulin sensitivity as defined by the insulin sensitivity 
index. ( C ) Identification of the intersection of these two gene sets were used to identify gene expression networks and gene regulatory nodes causally 
connecting e x ercise of different amounts and intensities to changes in insulin sensitivity. Created in BioR ender . Kraus, W . (2024) 
BioRender.com / t18t722. 
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xpression, resulting in a partially-directed causal network cu-
ated with existing knowledge from the literature using the
lsevier Pathway Studio database [ 17 ] (Fig. 1 , step A). In par-
llel, we applied causal discovery Markov boundary induction
ethods [ 18 , 19 ] to estimate the skeletal muscle genes directly

esponsible for changes in Si, accounting for exercise intensity
nd amount, as well as the direct effects of exercise (Fig. 1 , step
). The gene list generated from these analyses—constrained
y the transcription factors identified in the first analysis and
he causal network linking skeletal muscle gene expression to
i—was used to create a gene expression network through an-
otated pathway analysis software (Fig. 1 , step C). 
Sex-specific transcription factor targets of exercise amount

nd intensity (Fig. 2 ). While it is known that the expression of
enes regulating insulin sensitivity differs between men and
omen [ 6 ], the sex-specific effects of exercise intensity and

mount have not been fully explored. To address this gap,
e analyzed transcription factor gene expression by sex. Log2
ifference scores (fold-change) were calculated for each gene
from pre- and post-exercise timepoints. A two-way analysis of
variance (ANOVA) identified probes significantly influenced
( P < 0.05) by the exercise protocol, the participant’s sex, or
the interaction of these variables. We then performed a mul-
tidimensional scaling (cluster analysis) to visualize the pre-
to post-exercise changes in transcription factors by biological
sex. 

The list of significantly modified genes was submitted to
PASTAA (Predict Associated Transcription factors from An-
notated Affinities), an online tool that identifies transcription
factors regulating differentially expressed genes [ 20 , 21 ]. A
P -value of < 0.05 was used as the threshold for association.
To calculate an “activity score” for each identified transcrip-
tion factor, we multiplied the expression value of each sig-
nificantly expressed gene at pre- and post-intervention time-
points by the affinity score of the associated transcription
factor. These activity scores were then categorized using a
gamma distribution-based expectation-maximization cluster-
ing algorithm [ 22 ] implemented in MatLab (Mathworks, Nat-
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Figure 2. Multidimensional scaling (cluster analysis) of pre- to post-exercise change of transcriptional factors with significant variation according to 
participant sex (M, W) and / or exercise parameter (amount or intensity). The three colors—red, green, and blue—are assigned to the different exercise 
groups, where “1A” and “2A” represent different amounts controlling for intensity, and “1I” and “2I” represent different intensities controlling for 
amount. The women are represented by filled circles and the men by filled triangles. Each point represents one participant. Overall transcriptomic 
responses in subjects correlated with both e x ercise protocol and biological sex. Dimension 1 separates by exercise groups characterized by intensity 
and amount; Dimension 2 separates by biological sex. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

ick, MA). Clinical measurements of blood glucose, insulin, and
Si at the pre- and post-exercise timepoints were similarly cat-
egorized. The median values for each variable within a sex
group at both timepoints were used to define response tra-
jectories by biological sex. Additional details are provided in
Supplementary Material S1 . 

Simulating regulatory pathway dynamics 

The role of biological sex as an independent variable influ-
encing exercise responses is not well understood, so we cre-
ated separate sex-specific models. The regulatory logic of each
model was adjusted independently to match the data from
male and female participants, aiming to minimize hypothet-
ical connections and use the simplest regulatory logic while
maintaining a close fit to the input data, with < 5% depar-
ture (Manhattan distance) between the reference input and
predicted output trajectories. Since only two time-separated
measurements were available, the number of intermediate
discrete state transitions best representing network evolu-
tion over the eight-month period was not predetermined (see
Supplementary Methods ). 

Data-driven identification of candidate genes 

mediating exercise amount and intensity effects on 

insulin sensitivity (step B) 

To identify candidate direct causal genes responsive to exer-
cise and those mediating exercise-induced changes in Si, we
applied methods to identify multiple Markov boundaries [ 23 ]
with exercise-induced changes in gene expression and Si as
the target variables (see Supplementary Methods ). Assuming
causal sufficiency, variables present in all identified Markov
boundaries were deemed true direct causal factors (true di- 
rect causes of Si or true direct effects of exercise on muscle 
gene expression). Variables identified in some—but not all—
Markov boundaries may or may not have been causal, but 
the complete set included all true direct causal factors among 
the measured variables. The predictive performance of the lin- 
ear regression models built with these Markov boundary vari- 
ables for Si change was assessed via cross-validation. 

Pathway analysis (step C) 

Genes identified through transcription factor analysis 
(exercise-responsive genes, Fig. 1 ) and causal gene analy- 
sis (exercise-responsive mediators of Si, Fig. 1 ) were further 
explored for enrichment in key biological pathways using 
Ingenuity Pathway Analysis software (Qiagen; Winter 2021 

release). The genes in each of the three sets—transcription 

factors (Table 2 ), causal Si genes (Table 3 ), and causal 
exercise-responsive genes (Table 4 )—were linked using the 
Ingenuity Pathway Analysis (IPA) Knowledge database. Since 
the number of candidate genes was small due to a conserva- 
tive identification strategy, we expanded each set by adding 
one additional linking node (a gene connected to two or 
more elements of the gene set) to establish the molecular 
networks involved. The expanded gene sets were displayed as 
a Venn diagram illustrating the overlap among subsets. The 
intersection of all three sets were developed into a pathway 
analysis. 

Results 

Results are presented according to the analytic plan presented 

in Fig. 1 . 

https://academic.oup.com/narmolmed/article-lookup/doi/10.1093/narmme/ugaf010#supplementary-data
https://academic.oup.com/narmolmed/article-lookup/doi/10.1093/narmme/ugaf010#supplementary-data
https://academic.oup.com/narmolmed/article-lookup/doi/10.1093/narmme/ugaf010#supplementary-data
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Table 2. Summary of Fig. 2 : Regulatory relationships related to e x ercise 
amount or intensity consistent in men and women 

Source Target Polarity 

Amount ATF1 Inhibiting 
Amount CEBPA Inhibiting 
Intensity BACH2 Activating 

Table 3. Mark o v boundaries f or direct effects of skeletal muscle tran- 
scripts on changes in insulin sensitivity, numbers in the table shows the co- 
efficients in the linear regression models with insulin sensitivity change as 
the dependent variable. By nature of the model, e x ercise intensity, amount 
and biological sex are internally controlled 

Probe ID Gene symbol Model 1 Model 2 Model 3 Model 4 

205 590_at RASGRP1 − 0 .688 − 0 .839 − 0 .647 − 0 .749 
213 442_x_at SPDEF − 2 .054 
236 423_at – 1 .488 0 .869 1 .668 1 .097 
239 427_at SLAMF1 − 0 .719 
202 094_at BIRC5 − 0 .770 − 0 .817 
234 329_at CLIC5 − 2 .537 
201 268_at NME1 / NME2 2 .969 
214 339_s_at MAP4K1 − 2 .967 
243 897_at – − 1 .482 
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were not direct mediators of exercise effects on insulin sen- 
ranscription factor identification 

e used PASTAA to predict transcription factors that regulate
 set of genes based on annotated affinities calculated from
iophysical interactions. Among the muscle genes that varied
ignificantly by sex and / or exercise protocol parameters (in-
ensity or amount), the PASTAA query identified 30 transcrip-
ion factors predicted to be associated with the selected genes
 P < 0.05). 

ex-specificity of exercise amount and intensity 

ranscription factor targets 

o examine the sex-specific effects of exercise amount and in-
ensity, we stratified the analyses by sex and controlled for
ex in subsequent analyses. A total of 6078 probes showed
ignificant variation in expression across groups of men and
omen (uncorrected P < 0.05). The cluster patterns result-

ng from multidimensional scaling of these probes indicated
hat exercise intensity, amount, and biological sex all signifi-
antly influenced the transcriptomic response (Figs 2 and 3 ).
he greatest divergence in co-expression profiles between men
nd women occurred where the effects of exercise amount and
ntensity were most pronounced. 

etwork structure for transcription factor 
egulation of insulin sensitivity 

 query of the Pathway Studio database for documented
egulatory interactions among the 30 identified transcription
actors and three clinical measures (Si, glucose, and insulin)
ielded 58 network edges, supported by 367 peer-reviewed
eferences (minimum 2, median 3.5 per edge) (Fig. 4 ). We then
ntegrated regulatory actions from exercise amount and inten-
ity into the molecular network. Both amount and intensity
ere potentially connected to any of the 30 transcription fac-

ors in the network, with undetermined effects (either positive
r negative polarity). Amount and intensity were represented
s ternary state nodes, reflecting the levels applied in the study
absent = 0, low = 1, or high = 2). 
Candidate direct causes of Si change (step C) 

We identified four Markov boundaries (sets of direct-cause
candidates for Si change), with each set containing four genes.
RASGRP1 and the Affymetrix probe-set 236423_at (orig-
inally annotated to refseq NM_20 337, now mapping to
ENSG00000276900, a novel transcript antisense to AMN1)
were present in all four Markov boundaries, indicating they
were estimated to be direct causes of exercise-induced changes
in Si. Since these two genes were identified at pre-training, this
suggests a predisposition for these genes to influence training
responses, possibly through genetic effects. Other variables
appeared in some of the Markov boundaries and were esti-
mated to be putative local causal factors. The cross-validation
R -squared value was 0.14 ± 0.13, indicating the predictive
performance of the linear regression models built with these
Markov boundary variables for Si change. 

Table 3 lists the variables in the four Markov boundaries
and the coefficients of the linear regression models using these
variables as independent predictors of Si change (post- minus
pre-exercise). The coefficients indicate the expected change in
Si for a one-unit change in the variable, holding the other vari-
ables in the model constant. In all models, RASGRP1 was neg-
atively related to Si change, while probe-set 236423_at (poten-
tially an AMN1 antisense) was positively related to Si change.

Direct effects of exercise amount and intensity on 

muscle gene expression (step B) 

We identified one Markov boundary for intensity (Table 4 ), in-
dicating that the genes within this boundary are direct effects
of exercise intensity. For exercise amount, we identified two
Markov boundaries. The Affymetrix probe-set 1557214_at
(originally annotated as Hs.380602 and now as long inter-
genic noncoding RNA, LINC02382) was present in both
Markov boundaries, suggesting it is likely a direct effect of
exercise amount. GRIN3B and EIF3B each appeared in one
of the two Markov boundaries, making them candidates for
direct effects of exercise amount. 

Reconciling literature-based pathway discovery 

and data-driven causal discovery of concordant 
transcription targets 

In an independent analysis guided by literature-based regula-
tory logic models, we found that genes associated with sig-
nificant changes in insulin sensitivity were regulated by the
24 transcription factors targeted by exercise amount or in-
tensity in either men or women identified above (Fig. 4 ). This
model identifies regulatory circuits among transcription factor
genes, it does not control for biological sex, or exercise char-
acteristics unless so described in the literature. The literature
is heterogeneous in how it controls for these characteristics.
To make maximum use of known relationships, we included
the union of regulatory transcription factors in both men and
women as identified in Fig. 3 . Among these, three transcrip-
tion factors (E2F1, EGR1, and YY1) were also regulators of
candidate genes directly causing changes in insulin sensitivity,
but not CEBPA. Furthermore, 12 of these transcription factors
were predicted to be direct targets of exercise amount and / or
intensity in either the men- or women-specific regulatory mod-
els (Fig. 4 ). 

Transcription factors such as BHLHE40, E2F1, EGR1,
NKX2-5, PDX1, SP1, SP3, SREBF1, USF1, YY1, and ZEB1
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Table 4. Expression of Mark o v boundary members in different e x ercise intensity (4A) and amount (4B) using the entire harmonized dataset 

(A) Intensity Control Moderate Vigorous 

Probe ID Gene symbol n Mean (sd) n Mean (sd) n Mean (sd) F P 

208183_at TACR3 16 0.72 ± 0.82 10 0.36 ± 0.55 23 − 0.28 ± 0.59 11 .19 0 .0001 
1561030_at TMC7 16 − 2.72 ± 4.12 10 0.81 ± 3.01 23 1.99 ± 4.87 5.72 0.006 
1556422_at – 16 0.09 ± 0.33 10 0.27 ± 0.43 23 − 0.29 ± 0.42 8 .5 0 .0007 

( B ) Amount Control Low High 

1557214_at – 16 − 0.21 ± 0.67 23 0.06 ± 0.61 10 0.84 ± 0.54 9 .13 0 .0005 
233892_at GRIN3B 16 0.22 ± 0.33 23 0.03 ± 0.40 10 0.25 ± 0.25 5 .67 0 .0062 
237457_at EIF3B 16 − 2.41 ± 4.07 23 − 0.18 ± 3.71 10 2.44 ± 3.79 4 .94 0 .0114 

Figure 3. Exercise amount and intensity transcription factor gene targets; predicted direct targets of e x ercise amount and intensity in models for 
women (left panel) and men (right panel). Green edges are activating, and red edges are repressing. In women, exercise amount had substantially more 
targets (12) than intensity (4). In men, this pattern was reversed (5 targets for amount and 13 for intensity). The predicted effects on these targets 
differed as well: putative edges predominantly had a negative (inhibitory) polarity in the woman model and were concentrated on amount (10 out of 12 
for amount, 2 out of 4 for intensity); in the man model putative edges predominantly had a positive (activating) polarity and were concentrated on 
intensity (2 out of 5 for amount, 11 out of 13 for intensity). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

sitivity in the circuit model and were therefore excluded
from the first-order (direct) effects models for both men and
women. The only direct regulator of insulin sensitivity among
the identified exercise transcriptional targets was CEBPA,
which was predicted to be downregulated by exercise amount
in both men and women. For the first-order effects models, all
other regulators of insulin sensitivity were removed from the
set of potential exercise targets. Table 2 lists the transcription
factors commonly regulated by both sexes, even if the direc-
tion of regulation by exercise training was opposite. 

Enriched biological pathways of 
exercise-responsive and insulin sensitivity-related 

target genes 

To elucidate relationships among the genes identified using
transcription factor-centric and causal modeling approaches,
we explored biological pathways that include the transcrip-
tion factors and their downstream targets revealed in the
three previous analytic approaches. We expanded each gene 
set from those directly identified to include an additional el- 
ement of connection—for example, the intensity-causal genes 
PLAUR and GRAMD4 are connected via interleukin-6 (IL-6).
It is important to note that these additional elements may not 
be single genes, instead representing elements that can interact 
with one or more genes. As an example, an added element may 
be a drug or chemical known to regulate the original genes in 

the set. 
The expanded gene sets were used to generate the Venn 

diagram in Fig. 5 , which lists the 13 genes represented in 

all three expanded sets. These genes include CD3, CREBBP,
EGFR, ESR1, ID2, MYC, RARA, TGFB1, TNF, TP53, VEGF,
β-estradiol, and tetradecanoylphorbol acetate (mapped in bi- 
ological space in Fig. 6 ). The latter two of these elements in 

the Ingenuity database represent elements with strong predic- 
tions as being upstream regulators of the other genes. While 
β-estradiol itself is strongly related to exercise responses,
due to its wide downstream effects, the inclusion of tetrade- 
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Figure 4. Regulatory circuit model. A transcription factor network linking 30 transcription factors through 58 documented regulatory interactions (edges) 
extracted from 367 full-text, peer-reviewed journal publications. Fasting insulin, fasting glucose, and Si were modeled as outcomes. In this regulatory 
circuit diagram, green edges represent positive regulation of connecting two parameters, with the arrow pointing in the direction of the causal 
relationship. Red arrows are similar but indicate negative regulation. As this is a model based upon the literature, this analysis modeling regulatory 
circuits among transcription factor genes, it does not control for biological sex, or exercise characteristics unless so described in the literature. 
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anoylphorbol acetate was interesting. As a potential up-
tream regulator of the 12 other elements of interest, tetrade-
anoylphorbol acetate (which is labeled a chemical / drug) is
redicted to influence 10 (CREBBP, EGFR, ESR1, ID2, MYC,
ARA, TGFB1, TNF, TP53, and VEGFA; P- value: 9.99E-14).
e noticed a significant overlap between this list and that

or protein kinase C (PKC) (labeled as gene group) signal-
ng (EGFR, ID2, RARA, TGFB1, TNF, and VEGFA; P- value:
.45E-11). Given the connection of PKC signaling to insulin
ensitivity and exercise, we chose to further discuss the impli-
ations of PKC involvement. PKC and estradiol-directed in-
erconnection was evident by the number of connections they
ad to other factors, with a notable common connection to
he epidermal growth factor receptor (EGFR). 

iscussion 

sing an innovative and newly developed analytic approach,
e integrated physiological and organ-level molecular data

rom a prospective, randomized clinical study of exercise
raining with literature-driven pathway and causal modeling
o create a novel and significant model. First, we identified sex-
pecific transcriptional pathways, responsive to exercise inten-
ity and amount, that are causally related to exercise-induced
mprovements in insulin sensitivity. This model marks a signif-
icant advancement over our previous work with this dataset
[ 12 ]. Second, when considering the cumulative effects across
exercise conditions, we identified two major interacting path-
ways: one directed by PKC signaling and the other by estro-
gen receptor signaling. Notably, these pathways, along with
two others, converged on EGFR through direct connections,
highlighting EGFR as a potential pharmacologic target for en-
hancing Si. Additionally, other downstream factors in these
pathways were identified (Fig. 6 ). 

Sexual dimorphism in the transcriptional mediators
of exercise-induced insulin sensitivity (Si) 
responses 

While physiological differences in exercise responsiveness be-
tween men and women have been recognized for some time,
the significant influence of sex on our transcription factor reg-
ulatory models was unexpected. As previously reported, both
exercise amount and intensity are associated with variations
in training efficacy [ 24 ]. In this study, transcriptomic analysis
of muscle biopsies collected before and after an eight-month
exercise training program allowed us to identify key transcrip-
tion factors linked to changes in transcriptional regulation.
The predicted activity of these transcription factors at pre- and
post-exercise timepoints constrained logic models designed to
identify the minimal set of targets directly affected by exercise



8 Ma et al. 

Figure 5. Relationships among exercise- and insulin sensitivity-related gene sets. Gene transcriptome candidates derived from Fig. 1 , steps A, B, and C 

are represented as discs in as Exercise-Transcription Factors, Exercise-TIE, and Insulin Sensitivity TIE, respectively. Thirteen transcripts or those involved 
in a synthesis pathw a y (i.e. for β-estradiol or tetradecanoylphorbol acetate) in common were identified. The designations are listed to the right. “TIE”
refers to the methods uses to derive the gene sets for insulin sensitivity-related and exercise-related genes as illustrated in Fig. 1 . TIE is an acronym for 
Target Information Equivalence; it is a family of algorithms for identifying all Markov boundaries of a variable of interest in a distribution [ 50 ]. See 
Supplementary Methods . 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

amount and intensity. Separate models for men and women
yielded distinct sets of predicted transcriptional targets, sug-
gesting that the adaptive and / or refractory effects of exercise
exhibit striking sexual dimorphism. 

Estrogen and PKC signaling 

The role of estrogen in exercise-induced health improvements
is well established. Estrogen replacement is considered cru-
cial for aerobic exercise-induced enhancements in vascular en-
dothelial function in postmenopausal women [ 25–27 ]. Addi-
tionally, exercise-induced improvements in insulin sensitivity
are linked to increased skeletal muscle capillarity, with sex-
specific differences observed in postmenopausal women com-
pared to age-matched men [ 28 ]. Estrogen’s role as a major
driver of exercise-induced improvements in insulin sensitivity
aligns with our previous findings, where we observed an inter-
action between estrogen supplementation in postmenopausal
women and exercise intensity on insulin sensitivity changes
[ 28 ]. In men, the differential effects of exercise intensity on
insulin sensitivity were less pronounced than in women. This
study confirms those findings and provides a potential mech-
anistic explanation. 

In the current study, PKC signaling was predicted to be
an upstream regulator of insulin sensitivity determined 16–
24 h after the final exercise training bout. In support of
a PKC / exercise training / insulin action relationship, atypical
PKC (aPKC) activity was elevated at rest in endurance-trained
vs sedentary individuals [ 29 ]. aPKC is involved in insulin-
mediated GLUT4 translocation [ 30 ] In both lean insulin-
sensitive and obese insulin-resistant Zucker rats, aPKC iso-
form ζ mRNA and protein content increases with endurance
training and are positively related to glucose tolerance [ 31 ]. A
potential pharmacologic target was identified through phor- 
bol esters, which act as analogs for diacylglycerol (DAG) 
and can activate both the conventional and novel PKC iso- 
forms linked with the repression of insulin sensitivity [ 32–35 ].
Recently, we reported that pharmacological PKC activation 

strongly induces a transcriptional signature of insulin resis- 
tance in vitro [ 36 ]. Also, PKC- α expression mimicks insulin 

resistance in vitro , while overexpression has the opposite ef- 
fect. Furthermore, PKC- δ activates mTORC1, and the PKC- 
δ inhibitor Ruboxistaurin reverses insulin resistance in pre- 
clinical models [ 37 , 38 ]. Thus, the key gene regulatory mech- 
anisms identified in our present modeling are strongly sup- 
ported by these mechanistic studies. It is important to note 
that our mRNA data was not transcript-specific and PKC el- 
ements themselves were not identified as being changed tran- 
scriptionally; however, downstream transcripts influenced by 
PKC were identified. 

Identification of drug target candidates for sex- and 

intensity -specific ef fects of exercise training on 

insulin sensitivity 

A major goal of our work is to identify molecular targets 
for pharmacologic agents that could mediate the health ben- 
efits of exercise. The network model presented in this study,
leading to Fig. 6 , integrates longitudinal human clinical data,
molecular data from skeletal muscle, and a novel analytic 
strategy—using causal modeling in a randomized prospec- 
tive study—to identify potential targets. We noted that both 

phorbol ester and estrogen signaling converge on the EGFR 

as a potential target. In fact, using a distinct modeling ap- 
proach with similar objectives and different data, we also 

identified EGFR as a potential mediator of muscle insulin 

https://academic.oup.com/narmolmed/article-lookup/doi/10.1093/narmme/ugaf010#supplementary-data
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Figure 6. Biological relationships among e x ercise- and insulin sensitivity-related genes and factors identified in the analysis presented in Fig. 5 . In the 
diagram, items at the top are localized to the extracellular space, followed by the plasma membrane, cytoplasm, and nucleus (transcription factors) as 
one mo v es do wn the diagram and as indicated on the left. Solid arro ws indicate direct molecular interactions, and dotted arro ws indirect effects. Master 
control nodes related to phorbol ester (PKC) and estradiol signaling are seen to the far right to denote that they are not isolated to a particular subcellular 
compartment. β-Estradiol, although a circulating hormone, has direct gene regulatory functions through the estrogen receptor, which are necessary for 
maint aining skelet al muscle fitness. 
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ensitivity. By integrating signatures for fasting and exercise-
esponsive insulin action with a drug repurposing database,
e identified numerous EGFR tyrosine kinase inhibitors as
harmacologic agents that mimic insulin-related pathways in
keletal muscle in vitro [ 36 ]. This association was later sup-
orted by extensive analyses of preclinical genetic models [ 39 ],
nd more recently, EGFR has been recognized as a thera-
eutic link between insulin resistance and hypertrophic car-
iomyopathy [ 40 ]. EGFR, a receptor tyrosine kinase, under-
oes ligand-binding-mediated dimerization similar to insulin
eceptors [ 41 ]. Amphiregulin, the endogenous EGFR ligand,
epresents a direct link between obesity and inflammation
 42 ]. Therapeutically, inhibiting EGFR enhances autophagy
nd insulin action [ 43–45 ]. However, using EGFR kinase do-
ain inhibitors to treat metabolic diseases may be challeng-

ng due to the similarity of kinase domains across the kinase
roteome. Therefore, alternative protein targets upstream or
ownstream of EGFR that regulate its activation may repre-
ent more optimal drug targets [ 36 ]. Furthermore, the findings
rom our present analysis, which account for sex-specific re-
ponses and exercise exposure characteristics (intensity and
mount), provide a framework for understanding exercise
ose-response relationships at a molecular level. 
Implications of this work 

The translational goal of these studies was to identify puta-
tive transcription factor targets of exercise amount and inten-
sity in skeletal muscles, with a focus on sex-specific responses
and their relationship to systemic measures of insulin, blood
glucose, and insulin sensitivity. The identification of these spe-
cific targets offers promising candidates for potential interven-
tion strategies aimed at improving insulin sensitivity in hu-
mans. However, pinpointing master regulators like estrogen
and PKC signaling is only the first step, as these cannot be
used solely for therapies targeting Si. 

For instance, while estrogen has shown beneficial effects
on cardiometabolic risk factors, insulin sensitivity, and cap-
illarity in women [ 25–28 ], clinical trials of estrogen supple-
mentation in postmenopausal women did not prevent cardio-
vascular events or reduce mortality. In fact, some random-
ized trials have reported an increased risk of cerebrovascu-
lar events (stroke) with estrogen use [ 46–48 ]. These findings
highlight the potential off-target effects of systemic drug ther-
apies intended for organ-specific outcomes, suggesting that a
more practical and effective approach may involve striving for
tissue-targeted effects. 
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Similarly, the systemic administration of PKC-signaling ac-
tivators or inhibitors to improve insulin sensitivity could lead
to unintended consequences. Drug targets should be more
proximal, molecular, and tissue-specific, focusing directly on
the site of the desired effect—in this case, Si. EGFR emerged
as one such target. As identified by Timmons et al. [ 36 ], ex-
isting drugs can modify canonical signaling pathways involv-
ing PKC, EGFR, and mTOR, some of which could be repur-
posed to enhance insulin sensitivity in muscle or amplify the
benefits of exercise. The regulatory networks identified in this
study should be further explored to uncover other pathways
amenable to pharmacologic targeting. Achieving this will re-
quire studies with larger sample sizes and broader molecular
measures, such as epigenetics and proteomics, as well as in-
vestigating signaling in other organ systems like adipose tis-
sue [ 49 ], liver, and pancreas [ 10 , 50 , 51 ], to fully assess the
pleiotropic health effects of regular exercise. 

Conclusions 

By integrating physiological and organ-level molecular data
with literature-driven pathway and causal modeling, this
study identified potential molecular targets for developing
pharmacologic agents that mimic the health effects of exercise
training on insulin sensitivity. Aerobic exercise-induced signal-
ing pathways that mediate Si vary by sex and are influenced by
exercise intensity and amount. The analyses provide evidence
that transcriptional adaptations in skeletal muscle related to
insulin sensitivity improvements are causally linked to estro-
gen and PKC signaling, while also accounting for sex- and
exposure-related differences in exercise. Future work should
validate these findings in other similar datasets and test the ac-
tivities of these pathways in preclinical and cell culture mod-
els . By focusing on additional health benefits of regular exer-
cise training, such as improvements in cardiorespiratory fit-
ness, lipid metabolism, pancreatic function, and body compo-
sition, future studies using similar methods and larger sample
sizes are likely to expand these findings and identify additional
molecular targets. This work will critically inform the devel-
opment of new therapies for the numerous health conditions
that exercise effectively addresses. 
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