
ARTICLE

Community of protein complexes impacts
disease association

Qianghu Wang1,2, Weisha Liu1,2, Shangwei Ning1, Jingrun Ye1, Teng Huang1, Yan Li1, Peng Wang1,
Hongbo Shi1 and Xia Li*,1

One important challenge in the post-genomic era is uncovering the relationships among distinct pathophenotypes by using

molecular signatures. Given the complex functional interdependencies between cellular components, a disease is seldom

the consequence of a defect in a single gene product, instead reflecting the perturbations of a group of closely related gene

products that carry out specific functions together. Therefore, it is meaningful to explore how the community of protein

complexes impacts disease associations. Here, by integrating a large amount of information from protein complexes and the

cellular basis of diseases, we built a human disease network in which two diseases are linked if they share common disease-

related protein complex. A systemic analysis revealed that linked disease pairs exhibit higher comorbidity than those that have

no links, and that the stronger association two diseases have based on protein complexes, the higher comorbidity they are prone

to display. Moreover, more connected diseases tend to be malignant, which have high prevalence. We provide novel disease

associations that cannot be identified through previous analysis. These findings will potentially provide biologists and clinicians

new insights into the etiology, classification and treatment of diseases.
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INTRODUCTION

Molecular biology research has led to a great variety of knowledge
about individual cellular components. It is increasingly evident that
most cellular components carry out functions through intracellular
and intercellular interactions with other cellular components.1,2 This
functional interconnectivity among molecular components implies
that the impact of a specific disease-causing defect is not restricted to
the activity of the cellular component that carries it, and can spread
along the links of the interactome. It can also alter the activity of
other cellular components, which in turn can cause other diseases.
Hence, it is difficult to consider diseases as absolutely independent of
others at the molecular level, and disease-causing defects may trigger
cascades of failures that lead to the co-emergence of multiple diseases
in a patient.
Furthermore, the emergence of a disease is rarely a consequence of

an abnormality in one single cellular component, but rather reflects
the interruptions of the complex intra- and intercellular network that
connects tissue and organ systems.3 For some diseases, disease-
associated genes are functionally related to each other, in the form
of protein complexes or biological pathways, and are consistent with
the modular view of disease-associated genes.3–6 For example, the
genes FANCA, FANCB, FANCC, FANCE, FANCF, FANCG, FANCL
and FANCM, which are all associated with Fanconi anemia, constitute
the FA complex and carry out their functions in the form of this
complex.7,8 Hence, defects in different genes may result in similar
disease phenotypes. Exploring disease associations could potentially
open new opportunities for understanding the human diseasome and

offer insights into new approaches to disease prevention, diagnosis
and treatment.
Modern biology and medicine face a significant challenge in

exploring the relationship between a disease phenotype and
the underlying cellular perturbation.6,9,10 Network-based approaches
to human disease have been proposed as a platform from which to
systematically explore the complexity of a particular disease at the
molecular level and the molecular relationships among distinct
disease phenotypes. For example, Goh et al11 have created a human
disease network (HDN) in which two diseases are connected if they
share one or more disease-associated genes. Lee et al12 have
constructed a metabolic disease network in which two diseases are
linked if the enzymes associated with them catalyze related metabolic
reactions. Based on the observations above, we combined information
about the cellular interactions, disease–gene associations and protein
complex–gene associations to obtain statistically significant associa-
tions between diseases and generate a disease network in which two
diseases are linked if there exists at least one protein complex that is
associated with both diseases. Next, we tested the validity of the
proposed associations between the diseases by exploring the degree to
which the predicted disease relationships resulted in detectable disease
comorbidity patterns in patients. The results indicate that the
predicted disease associations can be frequently observed in patients,
and disease pairs that are more interconnected in the disease network
than others display higher comorbidity. Our findings not only
potentially help us understand how different diseases are related
based on their underlying molecular mechanisms but also provide
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insights into the design of novel, protein complex-guided therapeutic
interventions for diseases.

MATERIALS AND METHODS

Disease–gene association data set
The disease–gene associations list was compiled from the Online Mendelian

Inheritance in Man (OMIM)13 database, which is a commonly used disease–

gene association database.11,12,14 As of May 2010, the list contained 5284

disease–gene associations, involving 1478 diseases and 3009 disease-associated

genes (see Supplementary Table S1 for more detail).

Protein complex data set
A protein complex is a group of associated polypeptide chains in which

proteins are connected by non-covalent protein–protein interactions. Gener-

ally, these protein complexes are functional units of many biological processes,

and together they form all kinds of molecular machinery that carry out many

biological functions. Protein complexes used in this study were experimentally

verified human protein complexes compiled from the Comprehensive

Resource of Mammalian protein complexes database (CORUM)15 at the

Munich Information Center for Protein Sequences.16 The CORUM database

offers a commonly used resource of manually annotated protein complexes

from mammalian organisms. In all, we obtained 1343 human protein

complexes in the core data set involving a total of 2312 unique genes

(Supplementary Table S1).

Disease comorbidities data set
To test the validity of the proposed disease associations, we examined the disease

pairs that our analysis found to be linked using disease co-occurrence

information at the population level. We obtained statistically significant pairwise

comorbidity associations reconstructed from over 30 million medical records in

the US Medicare claims database, which are frequently used for epidemiological

and demographic studies17,18 and which contain information on 13 039 018

elderly patients. The comorbidity strength was quantified using two measures:

the relative risk (RR) and the phi-correlation (f) (see Supplemental Text for

more detail). This data set has been reported by Hidalgo et al.19 To reduce the

impact of the extreme elements within the comorbidity data source, we filtered

the original comorbidity association data according to the data distribution

(see Supplemental Text for more detail). For our purposes, we selected

comorbidity associations with RRo100 and |f|o0.05 for further analysis.

Establish disease–protein complex association based on
constituent genes
To construct the human disease–disease associations, we first established

disease–protein complex associations using the disease–gene associations in the

OMIM database, given that the data relating complete protein complex to

diseases is quite limited. We examined the overlap between a disease and a

protein complex by looking at the constituent genes and established the links

between the diseases and the protein complexes. We used a one-sided Fisher’s

exact test to evaluate the overlap between a disease and a protein complex in

terms of their constituent genes. Afterwards, the raw P-values were adjusted by

using the Benjamini–Hochberg procedure to control the false discovery rate.20

We selected disease–protein complex pairs with adjusted P-valueso0.05 as

significantly associated pairs for further analysis.

In addition, we evaluated the biological diversity of protein complexes that

were associated with the same disease and rank the diseases based on their

associated protein complex content index (PCCI)21 (see Supplemental Text for

more details). Similarly, we also evaluated the biological diversity of diseases

that were associated with the same protein complex and ranked the

protein complexes based on their associated disease content index (DCI)21

(see Supplemental Text).

Establish disease–disease association based on the community
of protein complexes
Next, we used the obtained list of significantly associated disease–protein

complex pairs to identify associations between diseases. Close physical

interactions, expression correlations and functional communications could

occur among the protein subunits of a protein complex.22–24 Thus, the

mutation of one protein subunit may be propagated to other protein subunits

within the same protein complex. In other words, a malfunction in a protein

complex may yield the dysfunction of multiple protein subunits. Therefore,

multiple diseases may be caused by the malfunction of a protein complex.

Based on this biological mechanism, we used the obtained list of significantly

associated disease–protein complex pairs in the first step to identify correla-

tions between diseases. We inferred that two diseases are potentially related to

each other if they share one or more commonly associated protein complexes

(one example we used to illustrate the hypothesis of our study is depicted in

Supplemental Text).

When two diseases share more than one protein complex, there may be

redundant content among these shared protein complexes. Taking this

redundancy into account, we measured the strength of the association between

two diseases, d1 and d2, as follows:

Sd1 ;d2 ¼
SPCj j
GðSPCÞ
UðSPCÞ

;

where SPC¼ {PC1, PC2 y PCn} denotes the set of protein complexes

shared by d1 and d2, |SPC| indicates the size of

SPC;GðSPCÞ¼
Pn

i¼ 1

PCij j;UðSPCÞ¼ [
n

i¼ 1
PCi

�
�
�
�

�
�
�
�, and |PCi| denotes the number

of genes involved in PCi: Sd1 ;d2 is equal to 1 if the protein complexes in set SPC

are completely redundant, while Sd1 ;d2 is equal to the size of set SPC if there is

no redundant content among these shared protein complexes.

To identify potentially novel disease relationships that cannot be identified

in previous studies, we compared our results to those gained through the

shared gene hypothesis and the shared pathway hypothesis (pathway data

obtained from the KEGG database and the Biocarta database) on the same

disease data input.

Comorbidity analysis
Disease pathogenesis results from the breakdown of physiological cellular

processes, including interactions among components of the genome, pro-

teome, metabolome and environment. Hence, the activities of the affected

protein complexes are likely to contribute to disease progression and

comorbidity at the molecular level. To examine whether disease pairs that

are related to each other based on their associated protein complex(es) have

comorbid tendencies, we analyzed the relationship between disease association

strength and disease co-occurrence.

It is noteworthy that the disease names in the list of comorbidity

associations between pairwise diseases are identified by ICD-9-CM codes.

Therefore, we also mapped the OMIM disease names into ICD-9-CM codes,

which is consistent with previous studies.12,14,19 For a detailed list of the

ICD-9 codes, http://www.icd9data.com. Although some diseases, such as

b-ureidopropionase deficiency and Fechtner syndrome, cannot be assigned

an ICD-9-CM code, 1090 out of the 1478 diseases extracted from the OMIM

database do map reliably to ICD-9-CM codes. We drew the available

comorbidity correlations corresponding to the connected disease pairs that

were indicated by our results.

Here, we used both comorbidity measures to ensure the robustness of our

results. To quantify the degree of comorbidity caused by the observed disease

associations, we measured the average RR and f for disease pairs that our

method indicated were linked at the molecular level. In addition, we compared

the comorbidity tendencies of diseases linked by shared protein complexes

to those linked by shared genes and shared pathways (see Supplemental Text).

RESULTS

Associations between diseases and protein complexes
In total, 763 protein complexes were mapped to 447 diseases, and
2238 disease–protein complex associations were generated. We
calculated the distribution of the diseases according to the number
of associated protein complexes (Supplementary Figure S1A) and the
distribution of protein complexes according to the number of
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associated diseases (Supplementary Figure S1B). On average, a disease
was linked to about five protein complexes (median¼ 2), and a
protein complex was linked to about three diseases (median¼ 2).
As shown in Supplementary Table S2, we ranked the diseases

according to their associated PCCI. Diseases that are connected to
many protein complexes and therefore easily caused by many
biological processes are at the top of this list, including malignant
diseases with high prevalence, such as colorectal cancer, breast cancer,
pancreatic cancer, hepatocellular cancer and leukemia.25 On the other
hand, some diseases are linked to only a few protein complexes
and can be caused by defects in few specific biological processes, such
as adrenoleukodystrophy, Caffey disease and Dysautonomia, are all
associated with only one single protein complex.
Similarly, we evaluated the diversity of the diseases associated with

the same protein complex. We also ranked the protein complexes
based on their associated DCI (see Supplementary Table S2). The top
of the list is primarily composed of signal transduction protein
complexes and various protein complexes involved in enzymatic
activity regulation, the immune response, metabolic processes and
structural complexes that often form the molecular machinery and
are involved in many different biological processes. On the basis of
this analysis, it was clear that a protein complex can be connected to a
set of very different diseases, which would indicate that the diverse
diseases likely had a common biological mechanism. For example, the
Er–a–p53–hdm2 complex is linked to many different diseases, such as
glycolipid metabolic diseases and multiple types of cancers. Moreover,
many diseases from these two disease classes are associated with each
other through this protein complex.

Associations between diseases
As a result, we captured 1953 associated disease-disease pairs,
covering 404 diseases (Supplementary Table S3). For each associated
disease pair, on average, two diseases are linked through two
commonly associated protein complexes (median¼ 1,
Supplementary Figure S1C).
Among all 1953 disease relationships, part of them could be

discovered in previous studies, as they share one or more common
genes or metabolic pathways. The rest are potentially novel disease
relationships, as they can only be connected based on shared protein
complexes. Table 1 presents some examples of potentially novel disease
relationships (see Supplementary Table S3 for complete descriptions).

Significant comorbidity between the linked diseases
We obtained a total number of comorbidities for 608 linked disease
pairs considered in our study (Supplementary Table S4). Compared
with the disease pairs that do not share protein complexes, we found

nearly a twofold increase in the average comorbidity of the disease
pairs that share protein complexes (Figure 1a). This suggests that, if a
patient develops a particular disease associated with at least one
protein complex, he or she has about a twofold higher chance of
developing other diseases that share common associated protein
complex(es) relative to diseases that do not.
Next, we discussed whether disease pairs that are more intercon-

nected in the HDN show higher comorbidity. To clarify this, in
Figure 1b we show that, on average, comorbidity increases rapidly
with the strength of disease association. This observation indicates
that the disease pairs that are related to each other based on shared
protein complexes have a comorbid tendency. The observed associa-
tions between diseases may help us to identify new comorbidity
patterns along their potential genetic origin. After examining the
entire set of 1953 disease pairs that are genetically linked in our
results, we found some disease pairs whose comorbidity patterns are
already well known to the medical community, for example,
hypertension and ischemic stroke26,27 or diabetes mellitus and
chronic anemia.28 These examples demonstrate that the capacity of
the protein complex-based approach in identifying potentially
interesting disease pairs is worth of further research.
In addition, we also examined whether the protein complex-based

method is indeed a valid method of discovering novel disease
relationships by analyzing the potential comorbidity of the diseases
that were linked in our study. For example, we found some
novel disease associations, Muir–Torre syndrome and Xeroderma
pigmentosum (RR¼ 11.868, f¼ 0.001), and Rhabdoid tumors and
Walker–Warburg syndrome (RR¼ 15.651, f¼ 0.013) have a strong
comorbidity effect in the human population by combining informa-
tion on population-level disease comorbidity patterns extracted from
Medicare data. These disease pairs can be linked based on shared
protein complexes, but these associations would not have been found
using the shared gene-based or shared pathway-based approaches.
These examples support our hypothesis that protein complexes can be
used to predict disease associations and determine novel disease
associations that other methods cannot capture.

Construction of the protein complex-based HDN
Here, we generated a protein complex-based HDN (PC-HDN) in
which two diseases are linked if they share at least one associated
protein complex, and this can be seen as a map summarizing
associations between diseases. The PC-HDN consists of 404 disease
nodes and 1953 edges (disease relationships). Figure 2 shows a filtered
version of the PC-HDN in which 711 disease relationships with the
number of shared protein complexes41 were displayed.

Table 1 Examples of novel disease relationships

Disease 1 Disease 2 Shared disease-related protein complex(es)

Walker–Warburg syndrome Rhabdoid tumors Emerin complex 32

Muir–Torre syndrome Xeroderma pigmentosum ERCC1–ERCC4–MSH2 complex

a-1-Antichymotrypsin deficiency Histiocytoma, angiomatoid fibrous ACT–CREB complex

Alzheimer disease Huntington disease PRNP–apolopoproteinE3 complex

Angiofibroma, somatic Thrombophilia MLL–HCF complex

Bloom syndrome Tyrosinemia BRAFT complex

FA complex

Estrogen resistance Adrenal cortical carcinoma Er–a–p53–hdm2 complex

Charcot–Marie–Tooth disease Optic atrophy Mediator complex

van der Woude syndrome Aortic valve disease HES1 promoter–Notch enhancer complex

Parathyroid adenoma Refsum disease Paf complex
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Under our hypothesis, this network not only could capture the
disease–disease associations that have been discovered in previous
research but could also reveal potentially novel disease–disease
associations that are only based on protein complexes. Some
interesting examples of disease relationship clusters in this PC-HDN
are displayed in detail. One example reveals a central theme of the
relationships between abnormality in glucolipid metabolism and
cancers, in which atherosclerosis, coronary artery disease, diabetes
mellitus, hypertension, myocardial infarction and many kinds of
cancers are involved (Figure 3a). Myocardial infarction and nasophar-
yngeal carcinoma are offered as detailed examples (Figure 3b). They
are linked to each other by sharing one protein complex, Er–a–p53–
hdm2 complex. This protein complex participates in enzymatic
activity regulation. In fact, increasing evidence indicates that gluco-
lipid metabolic diseases are closely related to carcinogenesis and
cancer development.29,30 In addition, Figure 3c shows another disease
cluster that consists of immunodeficiency-related diseases and multi-
ple types of cancers. Previous studies have demonstrated that somatic
immunodeficiency is associated with human cancer.31,32 In our study,
we found that some immunodeficiency-related diseases, such as
autoimmune lymphoproliferative syndrome, HIV infection and so
on, are connected to many diseases through common protein
complexes. Autoimmune lymphoproliferative syndrome and
leukemia are treated as an example and are presented in Figure 3d.
They are connected based on sharing the BAR–BCL2–CASP8

complex. This protein complex involves in induction of proapoptotic
gene products. Taken together, these findings open new opportunities
in biomolecular and bioinformatics approaches to diseases.

Characterizing the PC-HDN
This PC-HDN is a densely connected network with an average
clustering coefficient of 0.701 and an average shortest path length
between any two diseases of 3.45. The low average shortest path
length and the large clustering coefficient indicated that the PC-HDN
had the small-world properties of most biologically complex net-
works.3 The network was scale-free, as the degree distribution had a
power-law tail. We ranked the diseases based on their degrees in the
PC-HDN. As shown in Supplementary Table S5, the top of the list
consists of a diverse array of diseases from the OMIM database that
are connected to many other diseases, and the great majority of them
are malignant diseases that have high lethality, such as cancer,
myocardial infarction and so on. This observation suggests that
more-connected diseases are prone to be more lethal, and when
patients develop highly connected diseases they are likely to be at an
advanced stage of disease, as the connected diseases can be reached
through multiple paths in the PC-HDN.
We manually classified the diseases into 22 classes based on the

physiological systems affected, according to the classification reported
by Goh et al.11 As the disease data in OMIM have been updated, each
class contains more diseases than were reported by Goh et al. In the
PC-HDN, there were 503 associations between diseases within the
same disease class, which is, on average, a threefold enrichment
compared with the 156 links (empirical P-valueso1e�04) found in a
random disease network (the disease node labels were randomised,
this randomization was performed 10 000 times, and the empirical P-
values was the probability of obtaining more associations between
diseases within the same disease class in the randomised networks
than in the actual PC-HDN) (Supplementary Figure S2). This result
indicates that within this PC-HDN, diseases from the same disease
class tend to relate to each other at the global level.
It is known that if two diseases have associated comorbidity, the

occurrence of one of them in a patient may increase the likelihood of
developing the other disease.3,12,14,19 Disease comorbidity research
shows that the disease pairs that were linked in our study have
comorbid tendencies; using this result, the map allows us to explore
disease progression as a network process in which patients tend to
develop diseases that are close (according to the PC-HDN links) to
those they already have.

DISCUSSION

Biomedical researchers have focused on the commonality of the
pathology or etiology of diseases over the past decade. Several
resources have been established to help reveal relationships among
diseases. The combination of molecular biology, genetics and clinical
medicine has greatly facilitated understanding of how different
diseases relate to each other. Enormous efforts have been devoted
to molecular-based methods for studying disease associations at the
molecular level. Although these methods are tremendously successful,
they are far from sufficient and complete, and it is still a challenge to
identify relationships between diseases.
Here, we proposed a novel approach for exploring the relationships

between human diseases based their associations with protein
complexes. Based on shared protein complexes, our disease network
can disclose potentially novel disease relationships that have not been
captured by previous methods. There are also some disease relation-
ships that can be found through other methods but the protein
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Figure 1 The relationship between linked disease pairs and their

comorbidities. (a) Comparison of average comorbidity for pairwise diseases

that share at least one protein complex and for pairwise diseases that share

no protein complex in our study. (RR, blue; f, red). (b) Average comorbidity

for linked disease pairs with the increasing strength of their associations,

which are quantified by Sd1 ;d2
.
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Figure 2 A filtered PC-HDN. Each node is colored based on the disease class to which it belongs, and the size of it is proportional to the number of protein

complexes associated with the corresponding disease. Edges linking diseases within the same disease class are colored with a dimmer color of the

corresponding disease class, and edges linking different disease classes are light gray. The edge thickness is proportional to the disease association strength

measured by Sd1 ;d2
. The names of diseases with Z10 associated protein complexes are displayed.

Figure 3 Two examples of disease clusters derived from the PC-HDN. (a) A disease cluster consisting of five glucolipid metabolism-related diseases plus

many kinds of cancers, and protein complexes (orange diamond) linking two diseases from these two disease categories. (b) Myocardial infarction and

nasopharyngeal carcinoma offer a detailed example in Figure 3b. (c) Another disease cluster consists of three immunodeficiency-related diseases

and multiple types of cancers, and protein complexes linking two diseases from these two disease categories. (d) Autoimmune lymphoproliferative syndrome

and leukemia offer a detailed example in Figure 3d.
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complex approach missed. The latter disparity could result from a
lack of protein complex data, but the amount of available protein
complex data is ever increasing and the protein complex-based
research will continue to provide novel and informative disease
associations for use by biologists and clinicians. However, in its
current state, the PC-HDN can still capture potential candidates for
novel disease relationships that are complementary to those obtained
using other approaches. These novel disease relationships captured by
PC-HDN not only fill the gaps in our theoretical and experimental
knowledge of diseases but also offer new insights into disease etiology,
classification and associated gene identification.
Using networks to display disease relationships have multiple

potential biological and clinical applications. Our results show that
disease progress can be represented along the links in the HDN by
using this network method. Studying the structure of the HDN may
help us to predict disease outcomes and to identify tailored
therapeutic strategies. Moreover, this protein complex-based approach
to diseases can aid in drug discovery, particularly if one drug is
already approved to treat a disease through regulating the activity of a
protein complex and, therefore, can potentially be used to treat other
diseases that are linked to the same protein complex.
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