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ABSTRACT

Background: Metabolic abnormalities associated with type 2 diabetes mellitus (DM2) are
caused in part by inadequate insulin action and resulting changes in gene expression in the skele-
tal muscle. Two recent, independent studies of human skeletal muscle biopsies from ethnically
diverse DM2 patients have identified coordinated reductions in the expression of the oxidative
phosphorylation (OXPHOS) genes. Whether these reductions are a consequence or a cause of
impaired insulin sensitivity remains an open question.

Methods: To address this question and to define the underlying molecular causes consistent
with the expression changes reported in the muscle studies, we created a large-scale computable
model to analyze the molecular actions and effects of insulin on muscle gene expression. The
model enables computer-aided reasoning using over 210,000 molecular relationships assembled
from the DM2 literature.

Results: We integrated the data from these muscle biopsy studies into the model and used
computer-aided causal reasoning to discover mechanisms that can link alterations in OXPHOS
genes to decreases in glucose transport, insulin signaling, and risk factors associated to post-
transplant diabetes mellitus.

Conclusions: The emerging hypotheses describe biologic effects in DM2 and offer important
cues for molecular targeted therapy.
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INTRODUCTION

TYPE 2 DIABETES MELLITUS (DM2), a complex
multigenic disease, requires system-level

measurements and modeling to improve our
mechanistic understanding of its pathophysi-
ology and corresponding therapeutic interven-
tion. While the human genome sequence and
genome-wide profiling technologies have fa-
cilitated system-level measurements, methods
to interpret and integrate these measurements

into models of discrete signaling, metabolic,
and gene regulatory mechanisms have lagged
behind.1

In this paper, we describe a novel approach
to define discrete mechanisms of gene regula-
tion in skeletal muscle biopsies from DM2 pa-
tients. We integrate genome-wide profiling
measurements with system-level models of
molecular cause-and-effect relationships and
use computer-aided causal reasoning to dis-
cover mechanisms that can be causally linked

1Genstruct, Inc., Cambridge, Massachusetts.
2Research Division, Joslin Diabetes Center, Boston, Massachusetts.
3Division of Informatics and Endocrinology, Children’s Hospital, Boston, Massachusetts.
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to altered expression profiles in DM2. The
emerging hypotheses describe biologic effects
in DM2 and offer important cues for molecu-
lar targeted therapy.

BACKGROUND

Metabolic abnormalities associated with
DM2 are in part caused by changes in tran-
scriptional regulatory networks of skeletal
muscle. Two recent, independent transcript
profile studies of human skeletal muscle biop-
sies from DM2 patients have shown the coor-
dinated down-regulation in genes associated
with oxidative phosphorylation and ATP
biosynthesis and those expressed in the mito-
chondria (collectively called OXPHOS).2,3

These studies explained altered OXPHOS tran-
scription by regulation of the transcriptional
activity of NRF1 and PPARGC1a (gene names
are given in the Appendix); however, discrete
mechanisms that link OXPHOS transcription to
both its downstream effects and its upstream
causes need to be defined in order to determine
if altered OXPHOS transcription is a cause or
an effect of the characteristics of DM2 such as
impaired insulin signaling. In this paper, we
have developed a computational approach us-
ing a model of human skeletal muscle and com-
puter-aided causal reasoning to interpret ex-
pression profiles to define discrete mechanisms
of regulation in DM2.

A number of statistical and network recon-
struction methods have been applied to inter-
pret expression profiles. Statistical methods can
identify associations between genes according
to their expression profiles (e.g., clustering,4,5

principal component analysis,6 or relevance
networks7), but frequently the associations are
abstract, and even promoter analysis cannot
define a discrete mechanism of regulation. Ad-
ditionally, numerous network reconstruction
methods from systems identification and engi-
neering have been used to infer potential tran-
scriptional networks solely from expression
profiles (Boolean networks,8 linear models,9
differential equation models,10 and Bayesian
networks11).

While these network reconstruction methods
in principle are capable of defining discrete

mechanisms of regulation, as typically applied
they require large numbers of expression pro-
files to define even small networks (e.g., 25
gene regulatory networks require �100 ex-
pression profiles for typical Bayesian meth-
ods12), and even under these ideal conditions,
the direction and sign of the influence of regu-
latory relationships can be very difficult to 
determine solely from the expression profiles.
Irrespective of the reconstruction methods em-
ployed, numerous regulatory models can be
generated that are consistent with the changes
in expression, and prior biological knowledge
in the form of cause-and-effect relationships is
crucial to evaluating and ranking potential
models.13–15

The use of prior knowledge has received con-
siderable attention, but its implementation on
a large scale has been hampered because of the
difficulty in assembling large amounts of
knowledge into a unified and computationally
tractable form.1,12 We have overcome this chal-
lenge, and in the Causal modeling in biology
section we describe our approach to assem-
bling knowledge in the form of a large-scale,
causal model of human skeletal muscle. In the
RNA expression state changes analysis and Re-
verse and forward causal analysis sections we
describe how we engraft profiling data into this
model and use computer-aided causal analysis
to define discrete mechanisms of regulation for
signal, metabolic, and gene expression net-
works. In the Results section we apply both our
causal model and analysis techniques to inter-
pret the expression profiles from the Scandi-
navian2 and Mexican-American3 studies. In the
Conclusions section we discuss our mechanis-
tic findings relative to altered OXPHOS tran-
scription and other characteristics of DM2.

METHODS

Causal modeling in biology

Qualitative causal models. A model that de-
scribes the influence exerted by one component
in a system (e.g., protein abundance or activ-
ity) on another component is called a causal
model. Causal models provide a statistical
framework to infer (1) causes for changes in the
system’s components as it transitions between
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states (e.g., what are the potential causes for
changes in muscle gene expression profiles in
DM2?) and (2) effects on the components re-
sulting from system perturbations (e.g., what
muscle gene expression changes are attribut-
able only to increased insulin levels?). Causal
models are also computationally attractive be-
cause this inferencing can be automated since
the model can be rendered as a directed graph.
In Figure 1 the transcriptional activity of
PPARG and NRF1 as well as the transcriptional
activity of the transcriptional co-activator
PPARGC1a are represented as nodes. The edges
and their directionality assert that the tran-
scriptional activity of PPARGC1a positively in-
fluences the transcriptional activity of PPARG
and NRF1. Additionally, the influence of indi-
rectly connected nodes can be identified by
tracing connecting paths and multiplying the
signs of the intervening edges as in the case of
the AGTR1.

This kind of causal model is qualitative in 
nature in that it describes only the vector of in-
fluence that PPARGC1a’s transcriptional activ-
ity exerts on PPARG’s and NRF1’s transcrip-
tional activity. The qualitative causal model
does not describe the magnitude of the influ-
ence or how multiple influences should be in-
tegrated. Qualitative causal models occupy a
tractable middle ground in a taxonomy of mod-
els between (1) more abstract association mod-
els that cannot be used to infer causes or effects
but require no prior knowledge and (2) more
detailed quantitative models that can be used
to infer causes and effects but require very de-
tailed knowledge such as diffusion or rate con-

stants in a specific subcellular environments
(for recent reviews, see Rice and Stolovitzky16

and Ideker et al.1).

Creating and populating a causal model describ-
ing human skeletal muscle biology. Our modeling
and analyses techniques are aimed at facilitat-
ing inference on the causes for and effects of
the changes in RNA expression levels. Our
analysis techniques require leveraging prior
knowledge to gain efficiency and resolution
over purely statistical approaches; therefore,
we employ an ontology to structure and ren-
der computable knowledge about the causes
for changes in activities and abundance of the
components in the muscle and the effects those
causes engender. At the highest level our on-
tology describes the measurable components in
molecular biology (protein abundance, cat-
alytic activities, biological processes, etc.) and
the relationships between the components (as-
sociative or causal, including the sign of the in-
fluence). Our ontology also describes the bio-
logical context of the components and their
relationships by linking them to specific or-
ganisms, tissues, cell types, and subcellular
compartments.

Using this ontology as a framework, we con-
ducted a large-scale knowledge extraction and
unification effort to mine several diverse bio-
logical databases such as Locuslink, GO,
OMIM, CSNDB, KEGG, and Homologene to
create a model of human skeletal muscle biol-
ogy and DM2. Because the potential causes for
changes in the measurable components of the
muscle are not recorded in a machine-readable
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FIG. 1. Causal model showing how the transcriptional activity (taof) of PPARG and NRF1 are influenced by tran-
scriptional activity of the transcriptional co-activator PPARGC1a. Increases are marked in yellow, and decreases are
marked in blue. Arrows trace causal paths of influence and signs indicate the direction of the influence. See Appen-
dix for gene abbreviations.
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form, we augmented our model through man-
ual and semiautomated methods by extracting
causal relationships from more than 12,000 dis-
tinct scientific articles whose abstracts were
contained in Medline and deemed relevant to
skeletal muscle biology. The model contains
more than 157,000 molecular components (e.g.,
genes, protein, metabolites, pathways, etc.) and
more than 210,000 relationships between those
components (greater than 24,000 of which are
causal). For example, the model describes the
molecular effects of increased insulin, fatty
acids, and glucose on muscle as well as many
other causes for changes in gene expression in-
cluding glucose transport, lipid metabolism, in-
sulin signaling, glucose oxidation, and glu-
cosamine metabolism.

RNA expression state changes analysis

RNA expression profiles of human skeletal
muscle biopsies from DM2 patients (five sam-
ples) compared with family history-negative
control subjects (five samples) from the Mexi-
can-American study3 and DM2 patients (18
samples) compared with normal glucose toler-
ance control subjects (17 samples) from the
Scandinavian study2 were separately analyzed
using R and the Bioconductor’s affy and limma
packages.17,18 Briefly, raw intensities were 
normalized within each array with locally
weighted linear regression (loess), low-inten-
sity signals were filtered, and global scaling on
each array was performed to make the intensi-
ties between the DM2 patients and control sub-
jects comparable within each study.

Separate differential expression analyses
were done on the normalized data from each
study. A gene-by-gene analysis of variance was
performed comparing the DM2 patients with
control subjects; genes that were differentially
expressed (P � 0.05 after false discovery rate
correction) in two or more comparisons be-
tween the DM2 and the control subjects were
used to classify the samples in the respective
studies. Interestingly, only 14 genes were con-
sistently modulated in both studies (Fig. 2). Us-
ing over-representation analysis the original
studies concluded and our re-analysis confirms
that OXPHOS genes were present in the mod-
ulated set of genes at disproportionately high

frequencies. Since our causal model is qualita-
tive in nature, we categorized the expression
changes before using them in causal analysis.
The expression changes were divided into
three categories: genes that were increased, de-
creased, or unchanged in DM2 muscle com-
pared with control.

Reverse and forward causal analysis

Our causal analysis algorithms take as inputs
(1) prior knowledge in the form of a causal
model and (2) a set of changes in the compo-
nents of a system profiled in different states
(e.g., changes in the muscle gene expression
profiles comparing the DM2 state with the nor-
mal state). In the case of RNA expression data,
reverse causal analysis interrogates the model
to find immediate upstream transcriptional
controllers (e.g., the abundance or activity of
transcription factors, co-activators, co-repres-
sors, or modulators of transcript stability)
whose increase or decrease hypothetically
could be a cause of the observed changes in the
RNA profiles. Once immediate upstream con-
trollers are located, forward causal analysis
then scores each hypothetical cause by com-
paring the predicted RNA profile with the ob-
served profile. As shown in Figure 3, reverse
causal analysis finds five transcriptional mod-
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FIG. 2. Overlap of differentially expressed genes be-
tween the Scandinavian3 and Mexican-American2 stud-
ies. FHN, family history negative; NGT, normal glucose
tolerance. See Appendix for gene abbreviations.
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ulators that could account for the observed
changes in RNA profiles of ATP50, NDUFA2,
UQCRB, and COX7C. Forward causal analysis
predicts that only a decrease in the transcrip-
tional activity of PPARGC1a can explain all of
the changes with no contradictions.

Each hypothesis is scored according to two
probabilistic scoring metrics—“richness” and
“concordance”—which examine orthogonal as-
pects of the probability of a hypothetical cause
explaining a given number of state changes.
“Richness” is the probability that the number of
observed changes in a given model could have
occurred by chance alone. “Concordance” is the
probability that the number of observed changes
that match the directionality (e.g., increased or
decreased abundance) of the changes predicted
by the model could have occurred by chance
alone. Only hypotheses that pass preset metric
thresholds are used as inputs for continued up-
stream exploration in the model in progressive
cycles of reverse and forward causal analyses.
Collections of hypothetical causes that are
highly concordant with the observed expression
profiles are the output of causal analysis and
form the inferred mechanism of regulation.

RESULTS

Assessing model competence

Before using the model to infer mechanisms
of regulation in DM2 muscle, we probed the

competency of the model to do reasoning in the
muscle. Competency was assessed by intro-
ducing a set of perturbations, and then using
forward causal analysis to predict effects
caused by such perturbations. Numerous per-
turbations were used to probe the model, and
Table 1 details a few examples. The predicted
efficacy of the thiazolidinedione class of drugs
used clinically as insulin sensitizers is shown
in Figure 4. Through forward causal analysis,
the model accurately predicted (1) enhanced in-
sulin sensitivity (via IRS1 tyrosine phosphory-
lation) and increased glucose import (via in-
creased GLUT4 expression), (2) decreased
cytokine-induced insulin resistance (via de-
creased TNFa abundance and expressed IL-6),
and (3) enhanced lipid metabolism (via in-
creased abundance of expressed LPL caused by
increased transcriptional activity of PPARG).

The competence of the model to discover the
transcriptional network of the OXPHOS genes
is shown in Figure 5A. Since much modulation
of the OXPHOS genes is predicated on de-
creases in the transcriptional activity of the co-
activator PPARGC1a, forward causal analysis
was performed using PPARGC1a as a starting
point. The causal analysis confirmed that a de-
crease in PPARGC1a transcriptional activity
and consequently a decrease in NRF1 tran-
scriptional activity could explain the observed
changes in expression profiles of OXPHOS
genes from both of the studies. Furthermore,
the causal analysis outlined numerous plausi-
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FIG. 3. Reverse and forward causal
analysis. Reverse causal analysis finds
five hypothetical causes for the changes
in the OXPHOS genes ATP50, NDUFA2,
UQCRB, and COX7C. Forward causal
analysis reveals that only decreased
PPARGC1a can explain all the observed
changes. See Appendix for gene abbrevi-
ations.
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ble mechanisms by which decreased transcrip-
tional activity of PPARGC1a could cause de-
creases in insulin sensitivity and glucose im-
port in muscle. An example mechanism
mediated directly through decreased GLUT4
expression or indirectly through decreased
UCP2 expression is shown in Figure 5B. Re-
verse causal analyses using the expression pro-
files from the studies allowed us examine all
such mechanisms known by the model and
rank them by concordance to the observed pro-
files and linkage to insulin signaling as well as
glucose import.

Causal analysis of expression changes in 
DM2 muscle

The causal model contained transcriptional
control information for approximately 56% of
genes that were modulated combined across
the studies2,3 (101 of 221 Scandinavian and 30

of 77 Mexican-American modulated genes). Re-
verse causal analyses was performed on each
study separately, and regulatory mechanisms
were scored and ranked based on concordance
between predicted and observed expression
changes. Intersection of the causal analyses
across the two studies revealed a regulatory
mechanism that is highly significant according
to the richness and concordance metrics and
can explain 49 of the 131 gene expression
changes known to the model (Table 2 and Fig.
6). The mechanism details that decreased cal-
cineurin signaling can modulate PPARGC1a
protein abundance by decreasing the tran-
scriptional activity of the MEF2 family,19 which
in turn can decrease the transcriptional activ-
ity of PPARGC1a and correspondingly explain
the decreases in NRF1-regulated genes. A de-
crease in PPARGC1a protein abundance is fur-
ther supported by the observed changes in ex-
pression of STAT3 and LPL in both studies.

POLLARD ET AL.328

TABLE 1. ASSESSMENT OF CAUSAL MODEL COMPETENCE FOR MUSCLE BIOLOGY AND DM2

Prediction via causal
Perturbation Mechanism in model analysis

Effect of PTP1B inhibitor on
insulin signaling

Effect of thiazolidinediones
mediated through PI3K
kinase activity

Effect of inactivation of AMP-
kinase on exercise-stimulated
glucose import

Effect of MEK inhibitor
LY492002 or PTEN
overexpression on ETS2
transcriptional activity

Effect of p85a knockout on
insulin signaling as measured
by AKT kinase activity

Effect of GSK3B inhibitor on
insulin-stimulated glucose
transport

Effect of increase in TNF
protein abundance on insulin
signaling

Effect of ENPP1 phosphatase
activity on insulin signaling

See Appendix for gene abbreviations.

PTP1B dephosphorylates insulin
receptor. PTP1B inhibition
increases insulin receptor
signaling

Increase tyrosine
phosphorylation of Cbl, which
activates Cbl-dependent PI3K
kinase activity and its
downstream signaling

AMP-kinase stimulates glucose
import

LY492002 inhibits ETS2
activation, and PTEN
phosphatase activity decreases
ETS2 activity through
inhibition of ETS2
phosphorylation

Increased of AKT abundance via
inhibition of PI3K kinase
activity

GSK3B inhibits insulin
stimulated glucose transport

TNF inhibits IRS1 binding by
promoting its serine
phosphorylation

ENPP1 dephosphorylates insulin
receptor

Increased insulin receptor
activation and increased
insulin signaling

Increased insulin signaling

Decreased exercise-stimulated
glucose import

Decreased ETS2 transcriptional
activity

Increased AKT phosphorylation
and kinase activity

Increased insulin-stimulated
glucose transport

Inhibition of insulin signaling

Inhibition of insulin signaling
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Forward causal analysis from calcineurin inhi-
bition also causally predicted decreased glu-
cose import and insulin signaling as evidenced
by decreased GLUT4 expression mediated by
MEF2A and decreased IRS1 tyrosine phos-
phorylation mediated by DUSP1.20 Addition-
ally, this mechanism can be linked to post-
transplant diabetes mellitus (PTDM).

The calcineurin inhibitors tacrolimus
(FK506) and cyclosporine A are essential im-
munosuppressive drugs for the clinical man-
agement of rejection in organ transplantation.
While calcineurin is widely distributed [brain,
heart, liver, kidney, pancreas, skeletal muscle
(reviewed by Rusnak and Mertz21)], the ratio-
nale for use in transplant rejection protocols

COMPUTATIONAL MODEL OF DM2 MOLECULAR CAUSES 329

has been the targeting of leukocyte-associated
calcineurin as a means to suppress leukocyte
function22,23 and prolong graft survival. The
hypothetical mechanism presented here sug-
gests that inhibition of skeletal muscle cal-
cineurin by these agents could impair glucose
uptake and insulin signaling at the level of
muscle and explains why immunosuppressive
therapy with these inhibitors represents a sig-
nificant independent risk factor for the devel-
opment of PTDM,24 which itself significantly
compromises graft and patient survival.25,26

In order to assess bias in the model and de-
termine if the mechanisms we generated are
not simply artifacts of our particular causal
model, we performed a series of negative con-

FIG. 4. In silico prediction of mechanism of insulin-sensitizing thiazolidinedione action and downstream biological
effects. Via forward causal analysis the muscle model indicates increased lipid catabolism and glucose import (green
circles) as well as decreased cell proliferation and inflammation response (red circles). Predicted increases are marked
in yellow, and predicted decreases are marked in blue. See Appendix for gene abbreviations.
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TABLE 2. HYPOTHETICAL REGULATORY MECHANISMS PRESENT IN BOTH STUDIES

Change in
activity or

Causal hypothesisa abundance Possible Correct Contradiction Conflict Richness Concordance

taof(PPARGC1A) Decrease 35 25 0 0 2.4E-06 9.8E-04
taof(NRF1) Decrease 36 22 2 0 2.5E-02 1.9E-01
taof(MEF2 family Hs) Decrease 71 47 2 0 1.6E-05 1.7E-03
paof(CalA-Calcineurin family Hs) Decrease 62 49 3 0 3.3E-06 1.7E-03

aA causal hypothesis is a change in abundance or activity of a component in the model that would cause observ-
able changes in other components in the model. toaf, transcriptional activity; paof, phosphatase activity. A set of
causal hypotheses form the regulatory mechanism. See Appendix for gene abbreviations.

bPossible is the number of expression changes downstream of the causal hypothesis for which the model can make
predictions. Correct is for a given causal hypothesis the number of predicted changes that matched the observed di-
rection of change, whether increased, decreased, or unchanged. Contradiction is for a given causal hypothesis the
number of predicted changes that do not match the observed direction of change. Conflict is for a given causal hy-
pothesis the number of expression changes ambiguously determined from the model.

cRichness is for a given causal hypothesis the probability that the number of observed changes in a given model could
have occurred by chance alone. Concordance is for a given causal hypothesis the probability that the number of observed
changes that match the directionality of the changes predicted by the model could have occurred by chance alone.
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MEF2A
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MEF2A:PPARGC1

taof(MEF2B)

exp(DUSP1)

DUSP1

MAPK3

exp(TNF)

TNF

SLC2A4

exp(SLC2A4)

IRS1 P@Y

MAPK1

effector
exp(LPL) exp(STAT3)

MEF2B

MEF2B:PPARGC1

requires

FK506
CsA

FIG. 6. Intersection of the causal analyses across the two studies revealed a common regulatory mechanism that can
be linked to PTDM after treatment with the calcineurin inhibitor tacrolimus (FK506) or cyclosporine A (CsA). toaf,
transcriptional activity; paof, phosphatase activity. See Appendix for gene abbreviations.

trol causal analyses. We generated randomized
expression profiles with similar model connec-
tivity as our experimentally derived profiles
and performed reverse causal analysis on these

randomized profiles. We observed negligible
overlap between the hypotheses generated
from random and experimental profiles. We
also noted that the scores that we observed
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with our randomized profiles were much less
significant than the scores from experimental
profiles (data not shown).

CONCLUSIONS

In this paper, we describe a novel approach
to define discrete, altered mechanisms of reg-
ulation in DM2. Our approach integrates ge-
nome-wide profiling measurements with sys-
tem-level models of molecular cause-and-effect
relationships and uses computer-aided causal
analysis to define discrete mechanisms of reg-
ulation. Through causal analysis we showed
evidence of discovery of those genes mecha-
nistically linked to alteration in RNA profiles

in diabetes, confirmed the coordinate down-
regulation of genes involved in OXPHOS tran-
scription, and further predicted glucose trans-
port and insulin signaling outcomes. We also
showed the utility of this model for hypothesis
generation and discovery of a previously un-
recognized mechanisms of regulation in DM2,
as evidenced by the finding of skeletal muscle
calcineurin expression linked to insulin sensi-
tivity and glucose tolerance in PTDM. The
emerging hypotheses describe biologic effects
in DM2 and offer important cues for molecu-
lar targeted therapy. These findings show the
utility of causal reasoning models for hy-
potheses generation and suggest a powerful
new approach for interpretation of transcript
profiling in drug discovery.
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APPENDIX

Gene abbreviations

ABCB4 ATP-binding cassette, subfamily B (MDR/TAP), member 4
ABCD3 ATP-binding cassette, subfamily D (ALD), member 3
ACADM acyl-CoA dehydrogenase, C-4 to C-12 straight chain
ACAS2 acetoacetyl-CoA synthetase
ACOX1 acyl-CoA oxidase 1, palmitoyl
ACSL1 acyl-CoA synthetase long-chain family member 1
ACSL3 acyl-CoA synthetase long-chain family member 3
AGTR1 angiotensin II receptor, type 1
AKT1 v-akt murine thymoma viral oncogene homolog 1
ALAS1 aminolevulinate, delta-, synthase 1
AP2M1 adaptor-related protein complex 2, mu 1 subunit
APOA1 apolipoprotein A-I
APOA2 apolipoprotein A-II
APOC3 apolipoprotein C-III
ATP5A1 ATP synthase, H� transporting, mitochondrial F1 complex, alpha subunit, isoform

1, cardiac muscle
ATP5C1 ATP synthase, H� transporting, mitochondrial F1 complex, gamma polypeptide 1
ATP5G1 ATP synthase, H� transporting, mitochondrial F0 complex, subunit c (subunit 9),

isoform 1
ATP5G2 ATP synthase, H� transporting, mitochondrial F0 complex, subunit c (subunit 9),

isoform 2
ATP5G3 ATP synthase, H� transporting, mitochondrial F0 complex, subunit c (subunit 9)

isoform 3
ATP5L ATP synthase, H� transporting, mitochondrial F0 complex, subunit g
ATP5O ATP synthase, H� transporting, mitochondrial F1 complex, O subunit (oligomycin

sensitivity-conferring protein)
CA3 carbonic anhydrase III, muscle specific
CBL Cas-Br-M (murine) ecotropic retroviral transforming sequence
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CCND1 cyclin D1 (PRAD1: parathyroid adenomatosis 1)
CD36 CD36 antigen (collagen type I receptor, thrombospondin receptor)
CDKN1A cyclin-dependent kinase inhibitor 1A (p21, Cip1)
CKMT1 creatine kinase, mitochondrial 1 (ubiquitous)
COX4I1 cytochrome c oxidase subunit IV isoform 1
COX5B cytochrome c oxidase subunit Vb
COX6A1 cytochrome c oxidase subunit VIa polypeptide 1
COX6A2 cytochrome c oxidase subunit VIa polypeptide 2
COX6C cytochrome c oxidase subunit VIc
COX7A2 cytochrome c oxidase subunit VIIa polypeptide 2 (liver)
COX7B cytochrome c oxidase subunit VIIb
COX7C cytochrome c oxidase subunit VIIc
CPT1A carnitine palmitoyltransferase 1A (liver)
CPT1B carnitine palmitoyltransferase 1B (muscle)
CXCL1 chemokine (C-X-C motif) ligand 1
CYCS cytochrome c, somatic
CYP4B1 cytochrome P450, family 4, subfamily B, polypeptide 1
DAZAP2 DAZ-associated protein 2
DUSP1 dual specificity phosphatase 1
E2F4 E2F transcription factor 4, p107/p130-binding
EDN1 endothelin 1
EHHADH enoyl-CoA, hydratase/3–hydroxyacyl CoA dehydrogenase
EIF2S1 eukaryotic translation initiation factor 2, subunit 1 alpha, 35 kDa
ENPP1 ectonucleotide pyrophosphatase/phosphodiesterase 1
ESRRA estrogen-related receptor alpha
ETS1 v-ets erythroblastosis virus E26 oncogene homolog 1 (avian)
ETS2 v-ets erythroblastosis virus E26 oncogene homolog 2 (avian)
FABP3 fatty acid binding protein 3, muscle and heart (mammary-derived growth inhibi-
tor)
FABP4 fatty acid binding protein 4, adipocyte
FOS v-fos FBJ murine osteosarcoma viral oncogene homolog
GABPA GA binding protein transcription factor, alpha subunit 60 kDa
GRIM19 cell death-regulatory protein GRIM19
GSK3B glycogen synthase kinase 3 beta
GYG glycogenin
HK1 hexokinase 1
HNF4A hepatocyte nuclear factor 4, alpha
HSPA1A heat shock 70-kDa protein 1A
HSPC051 ubiquinol-cytochrome c reductase complex (7.2 kDa)
ICAM1 intercellular adhesion molecule 1 (CD54), human rhinovirus receptor
IFNG interferon, gamma
IKK inhibitor of kappa light polypeptide gene enhancer in B-cells, kinase family
IL6 interleukin 6 (interferon, beta 2)
IRS1 insulin receptor substrate 1
JAK1 Janus kinase 1 (a protein tyrosine kinase)
LDHB lactate dehydrogenase B 
LPL lipoprotein lipase
MAPK1 mitogen-activated protein kinase 1
MCM6 MCM6 minichromosome maintenance deficient 6 (MIS5 homolog, Schizosaccha-

romyces pombe) (Saccharomyces cerevisiae)
MCM7 MCM7 minichromosome maintenance deficient 7 (S. cerevisiae)
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MEF2C MADS box transcription enhancer factor 2, polypeptide C (myocyte enhancer fac-
tor 2C)

MEK mitogen-activated protein kinase kinase 1
MRPS12 mitochondrial ribosomal protein S12
MYC v-myc myelocytomatosis viral oncogene homolog (avian)
NDUFA2 NADH dehydrogenase (ubiquinone) 1 alpha subcomplex, 2, 8 kDa
NDUFA5 NADH dehydrogenase (ubiquinone) 1 alpha subcomplex, 5, 13 kDa
NDUFA7 NADH dehydrogenase (ubiquinone) 1 alpha subcomplex, 7, 14.5 kDa
NDUFA8 NADH dehydrogenase (ubiquinone) 1 alpha subcomplex, 8, 19 kDa
NDUFB3 NADH dehydrogenase (ubiquinone) 1 beta subcomplex, 3, 12 kDa
NDUFB6 NADH dehydrogenase (ubiquinone) 1 beta subcomplex, 6, 17 kDa
NDUFC1 NADH dehydrogenase (ubiquinone) 1, subcomplex unknown, 1, 6 kDa
NDUFS2 NADH dehydrogenase (ubiquinone) Fe-S protein 2, 49 kDa (NADH-coenzyme Q

reductase)
NDUFS3 NADH dehydrogenase (ubiquinone) Fe-S protein 3, 30 kDa (NADH-coenzyme Q

reductase)
NDUFS8 NADH dehydrogenase (ubiquinone) Fe-S protein 8, 23 kDa (NADH-coenzyme Q

reductase)
NFKB1 nuclear factor of kappa light polypeptide gene enhancer in B-cells 1 (p105)
NR1D1 nuclear receptor subfamily 1, group D, member 1
NRF1 nuclear respiratory factor 1
PCK1 phosphoenolpyruvate carboxykinase 1 (soluble)
PDHA1 pyruvate dehydrogenase (lipoamide) alpha 1
PDK4 pyruvate dehydrogenase kinase, isoenzyme 4
PI3K phosphatidylinositol 3-kinase
PKM2 pyruvate kinase, muscle
PPARA peroxisome proliferative activated receptor, alpha
PPARG peroxisome proliferative activated receptor, gamma 
PPARGC1A peroxisome proliferative activated receptor, gamma, coactivator 1, alpha
PRDX1 peroxiredoxin 1
PTEN phosphatase and tensin homolog (mutated in multiple advanced cancers 1)
PTP1B protein tyrosine phosphatase, non-receptor type 1b
RAD23A RAD23 homolog A (S. cerevisiae)
RETN resistin
ROS reactive oxygenated species
SAT spermidine/spermine N1-acetyltransferase
SCARB1 scavenger receptor class B, member 1
SDHA succinate dehydrogenase complex, subunit A, flavoprotein (Fp)
SDHB succinate dehydrogenase complex, subunit B, iron sulfur (Ip)
SDHC succinate dehydrogenase complex, subunit C, integral membrane protein, 15 kDa
SDHD succinate dehydrogenase complex, subunit D, integral membrane protein
SLC25A4 solute carrier family 25 (mitochondrial carrier; adenine nucleotide translocator),

member 4
SLC25A5 solute carrier family 25 (mitochondrial carrier; adenine nucleotide translocator),

member 5
SLC2A4 solute carrier family 2 (facilitated glucose transporter), member 4
SOCS1 suppressor of cytokine signaling 1
SORBS1 sorbin and SH3 domain containing 1
STAT3 signal transducer and activator of transcription 3 (acute-phase response factor)
TAT tyrosine aminotransferase
TFAM transcription factor A, mitochondrial
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