Tényi et al. J Transl Med (2018) 16:34
https://doi.org/10.1186/s12967-018-1405-y

Journal of
Translational Medicine
Open Access

RESEARCH

Network modules uncover mechanisms
of skeletal muscle dysfunction in COPD patients
Ákos Tényi1,2* , Isaac Cano1,2, Francesco Marabita3,4, Narsis Kiani3,4, Susana G. Kalko1,2,5, Esther Barreiro2,6,
Pedro de Atauri7, Marta Cascante7†, David Gomez‑Cabrero3,4,8† and Josep Roca1,2*†

Abstract
Background: Chronic obstructive pulmonary disease (COPD) patients often show skeletal muscle dysfunction that
has a prominent negative impact on prognosis. The study aims to further explore underlying mechanisms of skeletal
muscle dysfunction as a characteristic systemic effect of COPD, potentially modifiable with preventive interventions
(i.e. muscle training). The research analyzes network module associated pathways and evaluates the findings using
independent measurements.
Methods: We characterized the transcriptionally active network modules of interacting proteins in the vastus lat‑
eralis of COPD patients (n = 15, FEV1 46 ± 12% pred, age 68 ± 7 years) and healthy sedentary controls (n = 12, age
65 ± 9  years), at rest and after an 8-week endurance training program. Network modules were functionally evaluated
using experimental data derived from the same study groups.
Results: At baseline, we identified four COPD specific network modules indicating abnormalities in creatinine metab‑
olism, calcium homeostasis, oxidative stress and inflammatory responses, showing statistically significant associa‑
tions with exercise capacity ( VO2 peak, Watts peak, BODE index and blood lactate levels) (P < 0.05 each), but not with
lung function (FEV1). Training-induced network modules displayed marked differences between COPD and controls.
Healthy subjects specific training adaptations were significantly associated with cell bioenergetics (P < 0.05) which, in
turn, showed strong relationships with training-induced plasma metabolomic changes; whereas, effects of training in
COPD were constrained to muscle remodeling.
Conclusion: In summary, altered muscle bioenergetics appears as the most striking finding, potentially driving other
abnormal skeletal muscle responses.
Trial registration The study was based on a retrospectively registered trial (May 2017), ClinicalTrials.gov identifier:
NCT03169270
Keywords: Gene modules, Chronic obstructive pulmonary disease, Exercise training, Systems medicine, Muscular
weakness
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Background
Patients with chronic obstructive pulmonary disease
(COPD) show marked individual variability of both clinical manifestations and disease progression with relevant
implications on prognosis and management [1].
The 2017 GOLD update [2] recommends lung function
measurements (FEV1) to assess COPD severity; whereas
both symptoms intensity and history of COPD exacerbations are recommended indexes for the modulation
of pharmacological therapy. However, these patients can
also show systemic effects [3] and co-morbid conditions
[4–6] that are independently associated with poor prognosis [1]. Enhanced knowledge of the underlying mechanisms of these two phenomena constitutes a key step
toward a better understanding of COPD heterogeneity
and its implications in patient management [7].
The current study focuses on the analysis of skeletal
muscle dysfunction as a characteristic systemic effect of
COPD, potentially modifiable with preventive interventions, i.e. exercise training [3, 4, 8–10]. Several studies
addressed the question of training adaptation of COPD
muscle, ranging from studies investigating expression
of specific proteins [11–13] to modeling mitochondrial
mechanisms [10] and systemic exploration of canonical pathways’ using gene expression [14, 15]. However,
a comprehensive view of the disease mechanisms, highlighting potential biomarkers and pathway dynamics with
functional implications is still missing. In our study, we
applied a robust systems biology approach assuming that
proteins associated to biological functions or diseases
interact with each other conforming distinct neighborhoods, or network modules, in the human interactome
[16, 17]. In other words, the network modules consist of
clusters of active proteins (approximated in the study by
transcriptionally active genes), showing high probability
of functional interactions. We hypothesize that the identification, functional characterization and independent
functional evaluation of such network modules can help
to determine how their disturbance may lead to disease
and how therapy may affect the molecular machinery
[18].
To further explore the underlying mechanisms of skeletal muscle dysfunction, we compared healthy persons
and COPD patients before and after exercise training.
In the pre-training analysis (Fig. 1), we described transcriptionally active network modules that are specific to
the skeletal muscle of COPD patients. Likewise, in the
assessment of adaptive mechanisms of endurance training, we compared the differences between COPD and
healthy muscle adaptation. Functional implications were
initially explored through the analysis of network module associated pathways and representative differentially
expressed genes. In a subsequent step, we evaluated the
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functional interpretation of the network modules, and
relevant genes, with previous experimental data obtained
in the same study groups [19, 20].
To the best of our knowledge the current research provides an innovative approach by retrieving disease specific pathway mechanisms and performing an integrative
analysis of the relationships of transcriptomics with metabolic, redox, inflammatory and clinical measurements
to investigate COPD muscle dysfunction and traininginduced adaptive changes in these patients. We believe
that the study sheds novel light on underlying mechanisms of the disease with potential implications for the
design of innovative preventive strategies.

Methods
Study dataset

The current study is based on a dataset of microarray
gene expression measurements (Human U133 Plus2
Gene Chips) performed on open biopsies from the
limb muscle vastus lateralis, reported in [15]. In all participants, these were obtained at rest, before and after
an 8-week high intensity endurance training program
(Fig. 1a). The study groups (Table 1) included fifteen
COPD patients and twelve healthy but sedentary agematched controls. The training program is explained in
details in Additional file 1: Section 1 and in the related
studies [15, 19, 20].
Analysis strategy

Briefly, network modules were identified for each differential condition with the HotNet2 algorithm [22]
(Fig. 1b), using the genes’ adjusted differential expression
profile and selected protein–protein interaction (PPI)
networks [17, 23]. Thereafter (Fig. 1c), each module was
functionally characterized using gene ontology (GO) [24]
term enrichment analysis and literature mining. Finally,
(Fig. 1d), the validity of the matched module functions was evaluated using previous experimental data
(Tables 1, 2).
Statistical analysis
Differential gene expression

To evaluate the baseline (pre-training) effects, we computed the differential gene expression between COPD
and healthy individuals, referred as COPD disease effects
(COPD-DE) (Fig. 1a). To evaluate the training induced
changes in the molecular mechanisms (training effects,
TE), we investigated the post and pre-training differential gene expression in COPD (COPD-TE) and healthy
(Healthy-TE) separately (Fig. 1a). The non-parametric
rank product method [25] was used to compute the significance and false discovery rate (FDR) of differential
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Fig. 1 Schematic diagram of the workflow of the study. (a) Study design of the used datasets. COPD patients (n = 15) and healthy controls (n = 12)
were studied before (BT) and after (AT) an 8-week endurance training program. Measurements of skeletal gene expression [15] were used for
network modules identification. Differential conditions of COPD disease effects (COPD-DE) and training-induced effects in COPD (COPD-TE) and
in healthy muscles (Healthy-TE) were analyzed in the study. (b) Network modules were identified for each differential condition with the HotNet2
algorithm [22], using the gene’s false discovery rate (FDR) adjusted differential expression P values and selected protein–protein interaction (PPI)
networks [17, 23] as explained in details in Additional file 1: Section 1. Thereafter (c), each module was functionally characterized using gene
ontology (GO) term enrichment analysis. (d) Correlation of network modules with independent multilevel measurements was analyzed for
evaluation purposes. Specifically, independent measurements were sampled both pre- and post-training and consisted of physiological parameters
measured with a constant-work rate exercise at 75% of pre-training maximum peak exercise, inflammatory and redox biomarkers measured in
plasma and in skeletal muscle [20], as well as plasma metabolomics measured at rest and after exercise [19]

gene expression, due to its reliable and consistent performance with noisy, low sample size measurements.
Network module identification

For each condition, we used the HotNet2 algorithm
[22] to identify network modules (Fig. 1c), taking into
account: (i) the FDR of differential gene expression and,
(ii) publicly-available high quality protein–protein interaction (PPI) networks [17, 23] (see Fig. 1b). A statistical test included in the HotNet2 algorithm was used to
determine the significance of the number and size of the
network modules. The HotNet2 algorithm was selected
due to its specific feature of the use of a heat diffusion/
random walk model to simulate the spread of influence of protein activity to their physical interaction
partners. This feature makes this approach less reliant
on the significance test and enables the identification
of key proteins with less significant changes but with

high biological meaning (i.e. due to topology: hub proteins, high betweenness centrality proteins, etc.). For
more details see extended methods in Additional file 1:
Section 1.
Functional characterization

We conducted Gene Set Analysis to investigate the
enrichment of GO terms in modules (Fig. 1c) using the
clusterProfiler R library [26]. Network modules were
considered functionally significant if it had at least one
associated GO term that: (i) had Benjamin–Hochberg
corrected P value < 0.05; and, (ii) were related to at least
two module genes.
Evaluation of the module functions with experimental data

To evaluate the identified functions, modules were
compared with experimental data obtained in the
same study group (Fig. 1a, Tables 1, 2), firstly the
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Results

Table 1 Characteristics of the study groups

Sex (M/F)
Age, years
FFMI, kg/m2
FEV1, L (mean % pred)
FEV1/FVC
VO2 peak, L/min (mean VO2 peak/
kg)
[La]a peak, mEq/L
VO2 peak training diff (post–pre),
L/min

Healthy

COPD

10/2

15/0

65 ± 9

69 ± 7

21 ± 2

19 ± 3

3.46 ± 0.69 (107) 1.34 ± 0.37 (46)*
0.75 ± 0.04

1.70 ± 0.5 (22)
10.60 ± 2.7

0.25 ± 0.11†

[La]a training diff (post–pre), mEq/L − 4.60 ± 0.6†

0.43 ± 0.08*

0.91 ± 0.3 (14)*
6.8 ± 2.3*

0.14 ± 0.18†
− 1.5 ± 2†

Results are expressed as mean ± SD

In the post-training study, lactate measurements during constant-work rate
exercise were done at the same workload and duration than the pre-training
exercise protocol
FFMI fat free mass index, FEV1 forced expiratory volume in the first second, FEV1/
FVC FEV1 to forced vital capacity ratio, VO2 peak peak oxygen uptake difference
post minus pre-training, [La]a arterial lactate concentration difference
Unpaired t test was used to compare controls and COPD, * P < 0.05. Paired t test
was used to compare post-training and baseline time points in both healthy
controls and COPD patients, †P < 0.05. Low FFMI was defined as < 17.05 kg/
m2 for men [21]. It is of note that three COPD patients were discarded from the
analysis because they did not pass the Agilent analysis

transcriptional activity of the network modules were
summarized using their first three principal components, i.e. their first three eigengenes [27, 28], which
on average explained 83% of the modules’ overall variability. Then, associations of the principal components
with the previous experimental data [19, 20] were identified using non-parametrical Kendall correlation and
selecting those associations with absolute value of rho
(|R|) ≥ 0.4 and P value (P) < 0.05. Significant differentially expressed genes within functionally significant
network modules were also considered for comparison
with previous experimental data.

Study workflow

In the pre-training analysis, we describe transcriptionally active network modules that are specific to COPD
patients (Fig. 1a–c). Likewise, in the analysis of the
training-induced effects, we separately analyze network
modules that changed in response to training in COPD
and healthy and compare the differences between them.
Functional implications of the network modules were initially determined through the analysis of pathways associated to module genes and then specific mechanisms
were deduced from the gene functions and interactions.
In a subsequent step, the network modules and representative genes of specific pathways are compared with
previous experimental data obtained in the two study
groups both showing clear training-induced physiological responses, as described in Fig. 1d and in Tables 1 and
2.
Alterations in skeletal muscle of COPD patients at rest

The pre-training study identified four significant COPD
specific network modules, that were functionally characterized, on the basis of significantly enriched GO terms
in the modules (see Additional file 2: Table S5), as: creatine metabolism, C
 a2+ dependent binding, TGF-β signaling and Interferon response (Fig. 2a).
Defective skeletal muscle energy metabolism in COPD
was indicated by the creatine metabolism module. The
module presented four out of the nine genes of the creatine metabolism pathway significantly down-regulated,
two related to creatine synthesis (GAMT, GATM) and
two creatine kinase (CK) genes (CKB, CKMT2). Overall, down-regulation of creatine metabolism suggests
impairment of muscle energy production, which is consistent with studies showing low baseline creatine kinase
and ATP concentrations [29, 30]; and low post-exercise
recovery rate in COPD skeletal muscle [31–33].

Table 2 Summary of experimental data obtained from the same study groups
Measurements

COPD versus health
Summary of results

Plasma metabolomics [19]

The two groups showed differences in metabolomic profiles at rest (P < 0.05). Levels of valine, alanine and
isoleucine were associated with FFMI (P < 0.01 each)

Plasma metabolomics training diff [19]

In Healthy, training generated marked changes in amino acids, creatine, succinate, pyruvate, glucose and
lactate (P < 0.05 each). But, COPD patients only showed lactate decrease (P < 0.05)

Inflammatory cytokines [20]

COPD patients showed high levels of circulating cytokines (P < 0.05), not seen in healthy

Inflammatory cytokines training diff [20]

No training-induced changes were observed in circulating cytokines levels

Redox status [20]

COPD patients showed blood and muscle oxidative stress at baseline. Muscle and blood protein carbon‑
ylation levels were correlated (P < 0.05)

Redox status training diff [20]

In COPD patients, protein nitration levels decreased after training

Summary description of the results of previous experimental measurements on plasma metabolomics [19], as well as on both muscle and blood inflammatory
cytokines and redox status [20], carried out at rest before training and after endurance training. The term training diff refers to training-induced adaptive changes. For
comprehensive list of measured variables see Additional file 2: Tables S2, S7 for the differentials
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Fig. 2 Disease effects (COPD-DE) network modules. a The four network modules associated to COPD disease effects and their composing
genes. Genes are colored according to their differential regulation, namely: up regulation—red nodes; and down regulation—blue nodes.
Significantly differentially expressed genes are indicated by * (FDR ≤ 0.05) (for detailed information see Additional file 2: Table S6). b The significant
correlations of independent measurements with any of the network modules’ first three principal components. Blue squares depict exercise related
independent variables [19]; red squares show cytokines measured in blood [20]; yellow squares correspond to amino acids measured in serum [19];
and, green squares represents redox biomarkers [20]

It is of note that impaired creatine metabolism would
primarily affect work performance and C
 a2+ homeostasis, especially in the presence of oxidative stress [34,
35]. In line with this, we found clustering of S100 family calcium-dependent protein binding genes in the
Ca2+ dependent protein binding module. The potential
deleterious effect of the module is well represented by
the down-regulation of S100A1 gene, which could lead
to abnormal sarcoplasmic reticulum Ca2+ content and
fluxes, deteriorating muscle contractility and work performance [36, 37]. Furthermore, several module genes
(S100B, S100A4, S100A6, MYH9) are related to cell morphogenic processes.
The TGF-β signaling module displayed an interplay of
genes related to muscle remodeling (SMURF1, SMURF2,
SMAD7) and cellular stress response (MAP3K2, SPP1).
Abnormal TGF-β signaling was suggested by up-regulation of its inhibitor SMURF1 and further strengthened
by the observed down-regulation of SMURF1’s binding competitor (PDLIM7) [38] potentially leading to
increased protein degradation by ubiquitination [39]. The
associated gene functions suggest an interplay between
TGF-β signaling and oxidative stress, which has been
reported in the literature highlighting the specific role of

SMURF1 in these processes [40, 41]. Furthermore, overexpression of SMURF1 may attenuate IFN-γ-mediated
immune responses of the Jak-STAT pathway, by inhibiting STAT1 [42, 43], positive regulator of IFIT gene
expression [44], which could explain systematic downregulation of these genes in the interferon response
module.
Evaluation of alterations in COPD patients at rest

In order to evaluate the functions of the COPD specific
network modules, their association with previous experimental data was analyzed (see Fig. 2b and for details
Additional file 2: Table S8).
The Creatine metabolism module showed statistically significant associations with systemic inflammatory markers, namely IFN-γ (|R| = 0.42, P = 0.041), IL7
(|R| = 0.5, P = 0.016) and CXCL9 (|R| = 0.58, P = 0.003)
as well as with pre-training blood lactate levels at a constant-work rate exercise at 75% V
 O2 peak (|R| = 0.49,
P = 0.013) suggesting relationships between altered cell
bioenergetics and abnormal inflammatory processes.
The association of the C
 a2+ dependent protein binding
module with muscle mass (FFMI) (|R| = 0.45, P = 0.026)
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and with exercise capacity, expressed by the composite
BODE index [45] (|R| = 0.47, P = 0.033) confirms the
physiological impact of defective Ca2+ homeostasis. Such
an association at module level is further strengthened by
the correlations of the S100A1 gene expression with both
VO2 peak (R = 0.52, P = 0.006) (Fig. 3a) and peak work
rate (Watts peak) (R = 0.53, P = 0.005).
Consistent with the functional analysis, TGF-β signaling module showed significant correlations with
increased skeletal muscle nitrosative stress in COPD
patients (|R| = 0.49, P = 0.031), as well as with abnormally low levels of blood valine amino acids (|R| = 0.41,
P = 0.047). Likewise, blood cytokines IFN (|R| = 0.44,
P = 0.03) and IL4 (|R| = 0.47, P = 0.024) also showed significant associations with the module. At gene level, statistically significant negative correlations were observed
between SMURF1 and nitrosative stress levels in skeletal
muscle of COPD patients (R = − 0.66, P = 0.017), not
seen in healthy subjects (Fig. 3b).
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As expected, interferon response module showed significant correlations with IFN (|R| = 0.63, P = 0.015) and
several other cytokines, which presented elevated blood
levels in COPD patients (Table 2). Furthermore, the module also presented significant relationships with FFMI
(|R| = 0.47, P = 0.019) and peak work rate (|R| = 0.40,
P = 0.047) in COPD patients.
Inefficient training‑induced responses in COPD patients

In the analysis of the training-induced effects (TE), we
identified and evaluated network modules separately for
COPD patients (COPD-TE) and for healthy sedentary
subjects (Healthy-TE). The research identified a total of
six functionally enriched network modules (Fig. 4a).
It is of note that Hippo signaling was the only COPDTE specific module; whereas, some genes of the Interferon response were observed in both COPD-TE and
Healthy-TE. Likewise, Oxidative phosphorylation, Amino
acid biosynthesis, Epigenetic regulation of metabolic processes and Intracellular transport functional modules
were only observed in Healthy-TE and were named after
significantly enriched GO terms in the modules.
In COPD-TE, the Hippo pathway module suggests
abnormal training-induced activation of skeletal muscle
remodeling, as reported in detail in the extended results
section in Additional file 1: Section 1.
Endurance training induced inflammatory responses in
skeletal muscle, as indicated by the Interferon response
module that showed a consistent increase in gene expression levels in both COPD-TE and Healthy-TE. The
module could signal the local inflammatory response
to muscle damage caused by exercise, which reportedly
coincides with muscle repair, regeneration, and growth
[46].
It is of note that the four Healthy-TE network modules
indicated strong associations of training responses with
bioenergetics changes and their joint regulation with
other molecular functions (see extended results in Additional file 1: Section 2).
Evaluation of training‑induced responses in COPD patients

Fig. 3 Relationships between genes from COPD specific modules
(disease effects) and previous experimental data. a The relationships
between S100A1, from the Ca2+ dependent binding module, and
VO2max. The two groups, healthy subjects (blue circles) and COPD
patients (low and normal FFMI, empty and filled squares, respectively)
fell on the same regression line (R = 0.52, P = 0.006, FDR = 0.026).
b The relationships between SMURF1 from the TGF-β signaling
module and skeletal muscle nitrosative stress. A statistical significant
correlation was seen in the COPD group, both normal and low FFMI
(R = − 0.67, P = 0.018 and FDR = 0.07), but not in healthy subjects
(R = − 0.2, P = 0.55)

The analysis of associations between TE network modules and previous experimental data was carried out in
COPD-TE and Healthy-TE separately, as displayed in
Fig. 4b (for details see Additional file 2: Table S8). We
observed a significant association between traininginduced increase in peak work rate (Watts) and the interferon response module in the two groups (|R|COPD = 0.48,
PCOPD = 0.019; |R|Healthy = 0.53, PHealthy = 0.018), suggesting training-induced increase of inflammatory
responses both in healthy subjects and in COPD patients.
However, the most relevant findings were the strong
relationships between Healthy-TE network modules
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Fig. 4 Training effects (TE) network modules. a Active network modules identified in case of COPD-TE, Healthy-TE and in both (shared). Genes are
colored according to their differential regulation in COPD-TE (inner color of the nodes) and in Healthy-TE (border color of the nodes): up regulation
with training (red circles), down regulation with training (blue circles). Modules are named after significantly enriched GO terms. Training differential
expression significance is signed by * for COPD-TE, and § for Healthy-TE (FDR < 0.05) (for detailed information see Additional file 2: Table S6). b The
significant correlations of the independent measurements with any of the significantly-changed training modules’ first three principal components
in COPD, depicted as purple dashed lines, and in healthy subjects, depicted as blue dotted-dashed lines. Blue squares depict exercise related
independent variables; red squares show cytokines measured in blood; and yellow squares correspond to amino acids measured in serum
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associated to different aspects of muscle bioenergetics
and metabolomics training-induced changes, not seen in
COPD patients. Likewise, statistically significant associations were observed between training-induced transcriptional changes at gene level and plasma metabolomics
responses in healthy subjects, but not in COPD patients,
as shown in Fig. 5 wherein the relationships between
training-induced changes the splicing factor SF3A3
(∆SF3A3) and ∆glutamine are depicted for healthy subjects (RHealthy = 0.7, PHealthy = 0.001) and for COPD
patients (RCOPD = − 0.14, PCOPD = 0.518).

Discussion
The approach adopted in the current study contributed
to uncover novel interactions among biological pathways
of skeletal muscle dysfunction in COPD patients, as well
as suggest biomarkers, while reinforcing previous results
on the mechanisms related to the disease. The applied
methodological framework also shows high potential to
explore relations between clinical and omics platforms,
facilitating interpretation of biological measurements.
The four network modules identified in the pretraining analysis (Fig. 2a) correspond to COPD specific
mechanisms related to abnormal energy production and
contractility, as well as to alterations in both inflammatory and oxidative stress pathways. Moreover, they
showed significant associations with previous measurements carried out in the same study group (Figs. 2b, 3).
To be noted that lung function (FEV1) only presented a
weak negative relationship with the interferon module
that did not meet the inclusion criteria of the analysis.
In contrast, several COPD specific modules, and genes

Fig. 5 Relationships between genes from Healthy-TE specific
modules and previous experimental plasma metabolomics data.
The figure depicts the relationships between training-induced
changes in both SF3A3, from the Amino acid biosynthesis module,
and glutamine. A strong correlation was seen in healthy subjects
(blue circles) (R = 0.70, P = 0.001), but not in COPD patients (low and
normal FFMI, empty and filled red squares, respectively) (R = − 0.14,
P = 0.518)
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(Fig. 2b) consistently showed associations with different
indices reflecting exercise capacity, namely: BODE, VO2
peak, Watts peak and lactate levels.
The two study groups showed significant physiological
training effects as displayed in Table 1. The differences
in the training-induced responses between COPD and
healthy (Fig. 4a) further contributed to shed novel light
on the underlying mechanisms of skeletal muscle dysfunction in these patients. The most striking finding was
that the physiological bioenergetics responses, strongly
correlated with plasma metabolomics (Fig. 4b), were not
observed in the patients. Instead, in the COPD group,
the training-induced changes were mostly related with
skeletal muscle remodeling (Hippo signaling pathway),
without significant adaptive changes in oxidative phosphorylation and related bioenergetics pathways. It is of
note that in a post hoc analysis, we explored the impact
of FFMI on the modules, which consistently indicated
that training adaptation seen in COPD patients with
normal FFMI were more similar to the ones of healthy
subjects than those observed in COPD patients with low
FFMI (see Additional file 1: Section 2). Regarding the
training-induced inflammatory responses, the healthy
and COPD groups only shared part of the genes of the
network module that indicates increased inflammatory changes induced by training in COPD. It is of note
that significant associations of peak work rate with the
inflammatory network modules were observed in the disease effects (Fig. 2a, b) and in the training-induced effects
(Fig. 4a, b).
As acknowledged below, the current study cannot
inform on causality and temporal sequence of the skeletal
muscle abnormalities observed in the COPD group. The
marked differences between COPD patients and healthy
subjects regarding training adaptations of skeletal muscle
bioenergetics (Fig. 4a) seem to suggest that the abnormal
energy production, already depicted in the pre-training
analysis (Fig. 2a), is the most visible and likely the primary phenomenon of skeletal muscle dysfunction in
COPD. It is of note that a recent report using data from
the same study group [10], but focusing on the analysis
of gene regulatory networks, highlighted the existence of
significant COPD abnormalities at mitochondrial level
with impact on skeletal muscle inflammatory responses,
and explored potential therapeutic strategies.
Abnormal bioenergetics may likely trigger changes
in skeletal muscle Ca2+ homeostasis, which ultimately
may lead to impairment of the contractile mechanisms
and alterations in muscle morphogenesis, as suggested
by the Ca2+ dependent protein binding module (Fig. 2a)
and the Hippo signaling pathway module (Fig. 4a). These
mechanisms might be related to generation of abnormal
muscle fiber type distribution with increased glycolytic
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(Type II and IIX) to oxidative (Type I) fiber ratio in these
patients [47, 48]. In the study, physiological inflammatory
response pathways at baseline showed to be inhibited,
potentially by SMURF1, and most likely be modulated by
oxidative stress, which might indicate counter-regulatory
processes related with low-grade systemic inflammation. The partly abnormal training-induced inflammatory
responses observed in the study might also constitute a
secondary phenomenon modulated by nitroso-redox disequilibrium reported in these patients [3, 8, 20].
The network biology techniques used in the current
study to identify and characterize skeletal muscle network modules are gaining increasing attention in the
biomedical research field due to their ability to highlight
complex cellular disease mechanisms [49–51]. An added
potential of PPI based methods is the constraint that the
interaction network represents, whose topology already
encodes basic biological functions [16, 52] and provides
high performance in predicting biologically meaningful
pathways [53]. Additionally, the model used in HotNet2,
simulating the spread of influence of protein activity,
enables the identification of key proteins with less significant changes but with high biological meaning due to
surrounding expression patterns as well as due to topology (e.g. hub proteins, proteins with high betweenness
centrality, etc.), which complement standard differential
expression measures with deeper biological insights. We
believe that the approach adopted in the current study
facilitates a comprehensive analysis and understanding
of complex cellular mechanisms overcoming limitations
of traditional research only addressing analysis of target
biological pathways. Furthermore, the applied methodology has high potential for creating a standardized analysis pipeline for the integrative analysis of multi-level data.
Study limitations

We acknowledge, however, that further longitudinal
studies are needed to support the above statements,
as well as to properly clarify the relationships between
skeletal muscle dysfunction and pulmonary impairment
provoked by the disease. We also acknowledge that the
microarray dataset used in the study is lacking standard qPCR validation of specific biomarkers, which we
aimed to overcome by showing the high concordance
of specific markers with qPCR validation of two earlier
studies on skeletal muscle of patients with COPD (Additional file 2: Table S9). However, we believe that given our
system-based approach, the validation of a few genes is
less relevant compared to the functional evaluation of
the modules with independent measurements that was
conducted in the study. Furthermore, the completeness
and/or bias of the publicly available PPI networks [17, 23]
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are intrinsic limitations of the methodological approach
which, additionally, does not provide information on
causality. The rather small sample size constituted a
problem such that a type II error limiting our interpretations of the results cannot be excluded. Furthermore,
the limitation of sample size has been addressed using
robust statistical approaches at each step of the analysis. In particular, when choosing the HotNet2 algorithm
and its application, as explained in detail in the extended
methods and, in general, when considering protein–protein interactions (PPI) network based methods, which
offer a more robust performance in small sample size
environments [54] compared to other systems medicine
approaches [15]. Moreover, the identification of both
statistically and biologically significant relationships of
the resulting functional modules (and genes) with previous experimental multilevel data obtained in the same
study groups [19, 20] provided additional robustness to
the evaluation and functional characterization of the
core findings of the study. Summing up, different factors emerging from the study design, such as sample
size, noisy clinical environment and factors originating
from the modeling technique in use, such as (i) current
constraints of available PPI networks, (ii) modeling proteins levels with gene expression, (iii) relying on arbitrary
significance thresholds, and (iv) comparing of measurements of different body compartments (blood, muscle)
may lead to confounding results, which prompts for
future validation of the study. The consistency of the
results, however highlights the potential of biological
modeling as a preliminary step for future discoveries. The
above mentioned factors may also explain that the study
did not identify specific pathways that are known to play
a significant role in skeletal muscle dysfunction in COPD,
such as the FoxO signaling pathway [3, 14, 55].
We acknowledge that differences in training intensity
between healthy subjects and COPD patients (Table 1)
should be considered in the interpretation of the results.
However, the findings of the study are supported by the
following factors: (i) pre-training COPD specific findings;
and, (ii) qualitative nature of the training-induced differences between healthy and COPD unlikely explained only
by differences in training intensity. A final methodological consideration is that the COPD group includes only
males, which constitute an over-representation of this
gender (Table 1), as compared to current COPD prevalence in men. However, no reports on gender specificity
of the findings have been found neither in the literature
nor in our dataset (Additional file 1: Figure S5).
Future work

We believe that the current study significantly contributed to enhance our understanding of skeletal muscle
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dysfunction in patients with COPD. Further research
addressing the molecular mechanisms of impaired muscle energy production in these patients should shed light
on remaining challenges such as, causality, lung-muscle
interactions and design of cost-effective strategies aiming
at preventing non-pulmonary effects in COPD patients.
The central role of impaired bioenergetics seems to
endorse that promotion of daily physical activity at early
disease stages may have a role preventing skeletal muscle dysfunction in these patients. We believe that future
longitudinal studies using the current methodological
approach will generate further evidence supporting our
interpretations of the current study findings.
A better knowledge on underlying mechanisms of nonpulmonary effects of COPD should necessarily lead to
enhanced patient risk assessment and better health service selection. Moreover, continuous progresses in our
understanding of mechanisms of COPD heterogeneity
might prompt the need for revisiting the taxonomies of
obstructive airways diseases.

Conclusions
The research provides a comprehensive view of the core
mechanisms involved in skeletal muscle dysfunction as a
systemic effect of COPD. The results indicate that COPD
patients show impaired training-induced responses in
skeletal muscle bioenergetics, with abnormal inflammatory changes and altered tissue remodeling, as compared
to healthy sedentary subjects. The current network medicine approach shows high potential for future longitudinal analyses exploring preventive strategies addressing
non-pulmonary effects of COPD.
Additional files
Additional file 1: Section 1. Expanded methods: TRAINING program,
HotNet2 and parameters, Interactome construction. Section 2. Expanded
results: Training induced adaptation, Impact of FFMI on disease effect
modules, Impact of FFMI on training effect modules. Training effect differ‑
ences between COPD and healthy. Gender effect on the transcriptomics
profile. Figure S1. Overlap between nodes and edges in the interaction
networks. Figure S2. Disease effect modules of the COPD subgroups.
Figure S3. Training effect modules of the COPD subgroups. Figure S4.
Difference between COPD and healthy training effects. Figure S5. Gender
effect on the transcriptomics profile.
Additional file 2: Table S1. Number of differentially expressed genes in
the different groups and conditions. Table S2. Previous measurements:
List of variables measured. Table S3. Network modules: HotNet2 results.
Table S4. Network modules: HotNet2 consensus. Table S5. Network
modules: Functional characterization. Table S6. Network modules: Gene
differential expression. Table S7. Previous measurements: Differentials.
Table S8. Previous measurements: Association with network modules.
Table S9. Comparison of microarray results with qPCR validation of
external datasets.

Page 10 of 12

Abbreviations
COPD: chronic obstructive pulmonary disease; COPD-DE: COPD disease
effects; COPD-TE: COPD training effects; Healthy-TE: healthy training effects;
COPDN: normal FFMI COPD; COPDL: low FFMI COPD; FDR: false discovery rate;
PPI: protein–protein interaction; GO: gene ontology; FFMI: fat free mass index;
FEV1: forced expiratory volume in the first second; FEV1/FVC: FEV1 to forced
vital capacity ratio; VO2 peak: peak oxygen uptake difference post minus pretraining; [La]a: arterial lactate concentration difference; WATTS: peak work rate.
Authors’ contributions
Study conception and design, AT, DG-C, MC, JR. Data acquisition, AT, FM and
NK. Data analysis, AT, DG-C, MC, JR. Manuscript preparation, AT, IC, DG-C and
JR. Manuscript revision, AT, IC, NK, FM, SK, PA, MC, EB, DG-C and JR. All authors
read and approved the final manuscript.
Author details
Hospital Clinic de Barcelona, Institut d’Investigacions Biomèdiques August
Pi i Sunyer (IDIBAPS), Universitat de Barcelona, Barcelona, Spain. 2 Center
for Biomedical Network Research in Respiratory Diseases (CIBERES), Madrid,
Spain. 3 Unit of Computational Medicine, Department of Medicine, Karolinska
Institute, 171 77 Stockholm, Sweden. 4 Center for Molecular Medicine,
Karolinska Institutet, 171 77 Stockholm, Sweden. 5 Bioinformatics Core Facility,
IDIBAPS‑CEK, Hospital Clínic, University de Barcelona, Barcelona, Spain. 6 Pul‑
monology Dept, Muscle and Respiratory System Research Unit, IMIM‑Hospital
del Mar, Universitat Pompeu Fabra, PRBB, Barcelona, Spain. 7 Departament
de Bioquimica i Biologia Molecular, Facultat de Biologia‑IBUB, Universitat de
Barcelona, 08028 Barcelona, Spain. 8 Mucosal and Salivary Biology Division,
King’s College London Dental Institute, London SE1 9RT, UK.
1

Acknowledgements
We want to acknowledge the support of the European Commission (FP7)
grants SYNERGY-COPD (no. FP7-ICT-2009-270086), the AGAUR (2009SGR911
and 2014SGR1017), CERCA Programme / Generalitat de Catalunya
(2014SGR661) and The ’ICREA Academia’ prize for excellence in research, ICREA
foundation-Generalitat de Catalunya (to M.C.).
Competing interests
The authors declare that they have no competing interests.
Availability of data and materials
The microarray dataset(s) supporting the conclusions of this article is(are)
available in the GEO repository, GSE27536, https://www.ncbi.nlm.nih.gov/geo/
query/acc.cgi?acc=GSE27536.
Consent for publication
Not applicable.
Ethics approval and consent to participate
All methods were carried out in accordance with relevant guidelines and
regulations and were approved by the Ethical Committee at Hospital Clinic
and written informed consent was signed by each participant.
Funding
This research was supported by the European Commission (H2020) grant
CONNECARE (no. PHC-25-2015-689802).

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in pub‑
lished maps and institutional affiliations.
Received: 31 May 2017 Accepted: 12 February 2018

References
1. Celli BR, Decramer M, Wedzicha JA, Wilson KC, Agustí A, Criner GJ, et al.
An official American Thoracic Society/European Respiratory Society state‑
ment: research questions in COPD. Eur Respir J. 2015;45:879–905.

Tényi et al. J Transl Med (2018) 16:34

2.

3.

4.
5.

6.
7.

8.

9.
10.
11.

12.
13.
14.

15.

16.
17.
18.
19.
20.
21.

22.

Vogelmeier CF, Criner GJ, Martinez FJ, Anzueto A, Barnes PJ, Bourbeau
J, et al. Global strategy for the diagnosis, management, and prevention
of chronic obstructive lung disease 2017 report. GOLD executive sum‑
mary. Am J Respir Crit Care Med. 2017;195:557–82.
Maltais F, Decramer M, Casaburi R, Barreiro E, Burelle Y, Debigaré R, et al.
An official American Thoracic Society/European Respiratory Society
statement: update on limb muscle dysfunction in chronic obstructive
pulmonary disease. Am J Respir Crit Care Med. 2014;189:e15–62.
Barnes PJ. Mechanisms of development of multimorbidity in the
elderly. Eur Respir J. 2015;45:790–806.
Vanfleteren LEGW, Spruit MA, Groenen M, Gaffron S, van Empel VPM,
Bruijnzeel PLB, et al. Clusters of comorbidities based on validated
objective measurements and systemic inflammation in patients with
chronic obstructive pulmonary disease. Am J Respir Crit Care Med.
2013;187:728–35.
Divo MJ, Casanova C, Marin JM, Pinto-Plata VM, De-Torres JP, Zulueta JJ,
et al. COPD comorbidities network. Eur Respir J. 2015;46:640–50.
Roca J, Vargas C, Cano I, Selivanov V, Barreiro E, Maier D, et al. Chronic
obstructive pulmonary disease heterogeneity: challenges for health
risk assessment, stratification and management. J Transl Med.
2014;12:S3.
Rabinovich RA, Ardite E, Troosters T, Carbó N, Alonso J, Gonzalez de
Suso JM, et al. Reduced muscle redox capacity after endurance training
in patients with chronic obstructive pulmonary disease. Am J Respir
Crit Care Med. 2001;164:1114–8.
Rabinovich RA, Bastos R, Ardite E, Llinas L, Orozco-Levi M, Gea J, et al.
Mitochondrial dysfunction in COPD patients with low body mass
index. Eur Respir J. 2007;29:643–50.
Marín de Mas I, Fanchon E, Papp B, Kalko S, Roca J, Cascante M.
Molecular mechanisms underlying COPD-muscle dysfunction unveiled
through a systems medicine approach. Bioinformatics. 2017;33:95–103.
Puig-Vilanova E, Rodriguez DA, Lloreta J, Ausin P, Pascual-Guardia S,
Broquetas J, et al. Oxidative stress, redox signaling pathways, and
autophagy in cachectic muscles of male patients with advanced COPD
and lung cancer. Free Radic Biol Med. 2015;79:91–108.
Fermoselle C, Rabinovich R, Ausin P, Puig-Vilanova E, Coronell C,
Sanchez F, et al. Does oxidative stress modulate limb muscle atrophy in
severe COPD patients? Eur Respir J. 2012;40:851–62.
Barreiro E, Rabinovich R, Marin-Corral J, Barbera JA, Gea J, Roca J.
Chronic endurance exercise induces quadriceps nitrosative stress in
patients with severe COPD. Thorax. 2009;64:13–9.
Rabinovich RA, Drost E, Manning JR, Dunbar DR, Díaz-Ramos M, Lahk‑
dar R, et al. Genome-wide mRNA expression profiling in vastus lateralis
of COPD patients with low and normal fat free mass index and healthy
controls. Respir Res. 2015;16:1.
Turan N, Kalko S, Stincone A, Clarke K, Sabah A, Howlett K, et al. A sys‑
tems biology approach identifies molecular networks defining skeletal
muscle abnormalities in chronic obstructive pulmonary disease. PLoS
Comput Biol. 2011;7:e1002129.
Barabási A-L, Gulbahce N, Loscalzo J. Network medicine: a networkbased approach to human disease. Nat Rev Genet. 2011;12:56–68.
Menche J, Sharma A, Kitsak M, Ghiassian SD, Vidal M, Loscalzo J, et al.
Disease networks. Uncovering disease–disease relationships through
the incomplete interactome. Science. 2015;347:1257601.
Dittrich MT, Klau GW, Rosenwald A, Dandekar T, Müller T. Identifying
functional modules in protein–protein interaction networks: an inte‑
grated exact approach. Bioinformatics. 2008;24:i223–31.
Rodríguez DA, Alcarraz-Vizán G, Díaz-Moralli S, Reed M, Gómez FP,
Falciani F, et al. Plasma metabolic profile in COPD patients: effects of
exercise and endurance training. Metabolomics. 2011;8:508–16.
Rodriguez DA, Kalko S, Puig-Vilanova E, Perez-Olabarría M, Falciani F,
Gea J, et al. Muscle and blood redox status after exercise training in
severe COPD patients. Free Radic Biol Med. 2012;52:88–94.
Vestbo J, Prescott E, Almdal T, Dahl M, Nordestgaard BG, Andersen T,
et al. Body mass, fat-free body mass, and prognosis in patients with
chronic obstructive pulmonary disease from a random population
sample: findings from the Copenhagen City Heart Study. Am J Respir
Crit Care Med. 2006;173:79–83.
Leiserson MDM, Vandin F, Wu H-T, Dobson JR, Eldridge JV, Thomas
JL, et al. Pan-cancer network analysis identifies combinations of rare

Page 11 of 12

23.
24.
25.
26.
27.
28.

29.

30.
31.

32.

33.

34.
35.
36.

37.
38.

39.
40.
41.
42.
43.
44.
45.

somatic mutations across pathways and protein complexes. Nat Genet.
2014;47:106–14.
Rolland T, Taşan M, Charloteaux B, Pevzner SJ, Zhong Q, Sahni N, et al.
A proteome-scale map of the human interactome network. Cell.
2014;159:1212–26.
Ashburner M, Ball CA, Blake JA, Botstein D, Butler H, Cherry JM, et al. Gene
ontology: tool for the unification of biology. Nat Genet. 2000;25:25–9.
Breitling R, Armengaud P, Amtmann A, Herzyk P. Rank products: a simple,
yet powerful, new method to detect differentially regulated genes in
replicated microarray experiments. FEBS Lett. 2004;573:83–92.
Yu G, Wang L-G, Han Y, He Q-Y. clusterProfiler: an R package for comparing
biological themes among gene clusters. OMICS. 2012;16:284–7.
Langfelder P, Horvath S. Eigengene networks for studying the relation‑
ships between co-expression modules. BMC Syst Biol. 2007;1:54.
Davidsen PK, Herbert JM, Antczak P, Clarke K, Ferrer E, Peinado VI, et al.
A systems biology approach reveals a link between systemic cytokines
and skeletal muscle energy metabolism in a rodent smoking model and
human COPD. Genome Med. 2014;6:59.
Barreiro E, Gea J, Matar G, Hussain SNA. Expression and carbonyla‑
tion of creatine kinase in the quadriceps femoris muscles of patients
with chronic obstructive pulmonary disease. Am J Respir Cell Mol Biol.
2005;33:636–42.
Barreiro E, Rabinovich R, Marin-Corral J, Barbera JA, Gea J, Roca J. Chronic
endurance exercise induces quadriceps nitrosative stress in patients with
severe COPD. Thorax. 2008;64:13–9.
Wuyam B, Payen JF, Levy P, Bensaidane H, Reutenauer H, Le Bas JF, et al.
Metabolism and aerobic capacity of skeletal muscle in chronic respiratory
failure related to chronic obstructive pulmonary disease. Eur Respir J.
1992;5:157–62.
Tada H, Kato H, Misawa T, Sasaki F, Hayashi S, Takahashi H, et al.
31P-Nuclear magnetic resonance evidence of abnormal skeletal muscle
metabolism in patients with chronic lung disease and congestive heart
failure. Eur Respir J. 1992;5:163–9.
Kutsuzawa T, Shioya S, Kurita D, Haida M, Ohta Y, Yamabayashi H. Muscle
energy metabolism and nutritional status in patients with chronic
obstructive pulmonary disease. A 31P magnetic resonance study. Am J
Respir Crit Care Med. 1995;152:647–52.
Steeghs K, Benders A, Oerlemans F, de Haan A, Heerschap A, Ruitenbeek
W, et al. Altered C
 a2+ responses in muscles with combined mitochondrial
and cytosolic creatine kinase deficiencies. Cell. 1997;89:93–103.
Schlattner U, Tokarska-Schlattner M, Wallimann T. Mitochondrial creatine
kinase in human health and disease. Biochim Biophys Acta Mol Basis Dis.
2006;1762:164–80.
Prosser BL, Wright NT, Hernãndez-Ochoa EO, Varney KM, Liu Y, Olojo RO,
et al. S100A1 binds to the calmodulin-binding site of ryanodine receptor
and modulates skeletal muscle excitation–contraction coupling. J Biol
Chem. 2008;283:5046–57.
Donato R, Cannon BR, Sorci G, Riuzzi F, Hsu K, Weber DJ, et al. Functions of
S100 proteins. Curr Mol Med. 2013;13:24–57.
Sangadala S, Boden SD, Viggeswarapu M, Liu Y, Titus L. LIM mineralization
protein-1 potentiates bone morphogenetic protein responsiveness via
a novel interaction with Smurf1 resulting in decreased ubiquitination of
smads. J Biol Chem. 2006;281:17212–9.
Goodman CA, Hornberger TA. New roles for Smad signaling and phos‑
phatidic acid in the regulation of skeletal muscle mass. F1000Prime Rep.
2014;6:20.
Liu R-M, Gaston Pravia KA. Oxidative stress and glutathione in TGF-betamediated fibrogenesis. Free Radic Biol Med. 2010;48:1–15.
Krstić J, Trivanović D, Mojsilović S, Santibanez JF. Transforming growth
factor-beta and oxidative stress interplay: implications in tumorigenesis
and cancer progression. Oxid Med Cell Longev. 2015;2015:1–15.
Yuan C, Qi J, Zhao X, Gao C. Smurf1 protein negatively regulates
interferon-γ signaling through promoting STAT1 protein ubiquitination
and degradation. J Biol Chem. 2012;287:17006–15.
Doles JD, Olwin BB. The impact of JAK-STAT signaling on muscle regen‑
eration. Nat Med. 2014;20:1094–5.
Zhou X, Michal JJ, Zhang L, Ding B, Lunney JK, Liu B, et al. Interferon
induced IFIT family genes in host antiviral defense. Int J Biol Sci.
2013;9:200–8.
Celli BR, Cote CG, Marin JM, Casanova C, Montes de Oca M, Mendez RA,
et al. The body-mass index, airflow obstruction, dyspnea, and exercise

Tényi et al. J Transl Med (2018) 16:34

46.
47.

48.
49.
50.

capacity index in chronic obstructive pulmonary disease. N Engl J Med.
2004;350:1005–12.
Cheng M, Nguyen M-H, Fantuzzi G, Koh TJ. Endogenous interferon-γ
is required for efficient skeletal muscle regeneration. AJP Cell Physiol.
2008;294:C1183–91.
Richardson RS, Leek BT, Gavin TP, Haseler LJ, Mudaliar SRD, Henry R, et al.
Reduced mechanical efficiency in chronic obstructive pulmonary disease
but normal peak VO2 with small muscle mass exercise. Am J Respir Crit
Care Med. 2004;169:89–96.
Tsika RW, Schramm C, Simmer G, Fitzsimons DP, Moss RL, Ji J. Overexpres‑
sion of TEAD-1 in transgenic mouse striated muscles produces a slower
skeletal muscle contractile phenotype. J Biol Chem. 2008;283:36154–67.
Ideker T, Ozier O, Schwikowski B, Siegel AF. Discovering regulatory and
signalling circuits in molecular interaction networks. Bioinformatics.
2002;18(Suppl 1):S233–40.
Mitra K, Carvunis A-R, Ramesh SK, Ideker T. Integrative approaches
for finding modular structure in biological networks. Nat Rev Genet.
2013;14:719–32.

Page 12 of 12

51. Sharma A, Menche J, Huang CC, Ort T, Zhou X, Kitsak M, et al. A disease
module in the interactome explains disease heterogeneity, drug
response and captures novel pathways and genes in asthma. Hum Mol
Genet. 2015;24:3005–20.
52. Han J-DJ, Bertin N, Hao T, Goldberg DS, Berriz GF, Zhang LV, et al. Evidence
for dynamically organized modularity in the yeast protein–protein inter‑
action network. Nature. 2004;430:88–93.
53. Tényi Á, de Atauri P, Gomez-Cabrero D, Cano I, Clarke K, Falciani F, et al.
ChainRank, a chain prioritisation method for contextualisation of biologi‑
cal networks. BMC Bioinform. 2016;17:17.
54. Diez D, Agustí A, Wheelock CE. Network analysis in the investigation of
chronic respiratory diseases. From basics to application. Am J Respir Crit
Care Med. 2014;190:981–8.
55. Langen RCJ, Gosker HR, Remels AHV, Schols AMWJ. Triggers and mecha‑
nisms of skeletal muscle wasting in chronic obstructive pulmonary
disease. Int J Biochem Cell Biol. 2013;45:2245–56.

Submit your next manuscript to BioMed Central
and we will help you at every step:
• We accept pre-submission inquiries
• Our selector tool helps you to find the most relevant journal
• We provide round the clock customer support
• Convenient online submission
• Thorough peer review
• Inclusion in PubMed and all major indexing services
• Maximum visibility for your research
Submit your manuscript at
www.biomedcentral.com/submit

