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The application of computer science to the field of biomedicine over the last few decades has 

provided experts with powerful tools to advance in the pathogenesis, diagnosis and treatment of 

diseases, improving patient prognosis and reducing clinical costs. Given the increasing volume 

of medical information generated by publishers and laboratories, network-oriented computing 

techniques have proven particularly useful for integrating and analyzing the complex factors 

associated with disorders. Thus, the so-called “network medicine” has allowed researchers to 

improve our understanding of diseases, discovering hitherto hidden similarities through their 

phenotypic, genetic and metabolic relationships, among others. 

With the motivation of contributing to a field as relevant as that of biomedicine through 

computation and network analysis, this doctoral thesis by compendium aims to delve into the 

study of complex disease networks and propose new applications in biomedical research. For this 

purpose, we first carried out a systematic review of the most relevant studies in network medicine 

in the last decade, extracting a novel compilation of relevant sources and tools. We then applied 

the acquired knowledge to develop disease network-based solutions to data source 

interoperability and validation of clinical term extraction tools. The obtained results demonstrated 

the potential of this technology and provided powerful and intuitive tools for researchers. 

This doctoral thesis by compendium comprises three articles published in scientific journals with 

high impact factor. The publications contribute to fulfill the research goals, developing the same 

thematic unit sequentially. In this way, the contributions of one publication were used as a basis 

for the next. The results of the thesis, including the developed solutions, have been published for 

their use, evaluation and extension in future research, and represent a substantial advance over 

the state of the art. 

  

ABSTRACT  
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La aplicación de las ciencias de la computación en el área de la biomedicina a lo largo de las 

últimas décadas ha dotado a los expertos con potentes herramientas para avanzar en la 

patogénesis, el diagnóstico y el tratamiento de enfermedades, mejorando el pronóstico de los 

pacientes y reduciendo los costes clínicos. Dado el creciente volumen de información médica 

generada por publicadores y laboratorios, las técnicas de computación orientadas a redes se han 

demostrado particularmente útiles para integrar y analizar los complejos factores asociados a los 

desórdenes. De este modo, la llamada “medicina de red” ha permitido a los investigadores mejorar 

nuestra comprensión sobre las enfermedades, descubriendo similitudes hasta ahora ocultas a 

través de sus relaciones fenotípicas, genéticas y metabólicas, entre otras.  

Con la motivación de contribuir a un campo tan relevante como el de la biomedicina a través de 

la computación y el análisis de redes, esta tesis doctoral por compendio plantea como objetivo 

profundizar en el estudio de redes complejas de enfermedades y proponer nuevas aplicaciones en 

la investigación biomédica. Para ello, en primer lugar realizamos una revisión sistemática de los 

estudios más relevantes en medicina de redes de la última década, extrayendo una novedosa 

recopilación de fuentes y herramientas. A continuación, aplicamos el conocimiento adquirido 

para desarrollar soluciones basadas en redes de enfermedades a la interoperabilidad de fuentes de 

datos y la validación de herramientas de extracción de términos clínicos. Los resultados obtenidos 

demuestran el potencial de esta tecnología y proporcionan herramientas potentes e intuitivas a los 

investigadores.  

Esta tesis doctoral por compendio está compuesta por tres artículos publicados en revistas 

científicas con alto factor de impacto. Las publicaciones contribuyen a satisfacer los objetivos de 

la investigación, desarrollando una misma unidad temática de forma secuencial. De este modo, 

las contribuciones de una publicación son utilizados como base para la siguiente. Los resultados 

de la tesis, incluyendo las soluciones desarrolladas, han sido publicados para su uso, evaluación 

y ampliación en futuras investigaciones, y representan un avance sustancial sobre el estado del 

arte.  
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Real-world information entities are interconnected or interact with each other forming large 

complex networks. Social networks, transport networks or the World Wide Web are examples of 

the so-called information networks. Due to their ubiquity and the continuous need to process and 

understand an ever-growing volume of data, effective analysis of information networks has 

become a crucial task in fields as diverse as physics, economics, or social science. Advances in 

graph theory coupled with improved computing power and greater access to software tools have 

allowed researchers to exploit massive information networks to solve complex tasks such as fraud 

detection or product recommendation. 

The field of biomedicine has not been left out of this technological revolution. Since the mid-20th 

century, advances in computing have been applied to the study of biological data, in particular for 

large and complex datasets. The sequencing of the human genome in the early 21st century is just 

one notable example of success in this discipline called “bioinformatics”. In the last decade, a 

new branch of bioinformatics research usually referred to as "network medicine" has successfully 

addressed the creation and analysis of biological information networks to improve our 

understanding of diseases. 

This doctoral thesis, entitled “Creation of Network for the Analysis of Disease Similarities”, aims 

to contribute to network medicine through the design and application of new methodologies that 

allow solving real problems in biomedical research through the analysis of similarities in disease 

networks. This work is framed within the DISNET1 project, developed by the Center of 

Biomedical Technology at Universidad Politécnica de Madrid under Grant of the Spanish 

Ministerio de Ciencia e Innovación2, for the drug repositioning and disease understanding through 

complex networks creation and analysis (Lagunes García et al., 2020). 

1.1. Motivation 

The study of diseases as non-isolated elements and the understanding of their similarities and 

connections are crucial to provide new knowledge on pathogenesis, as well as in the identification 

 
1 https://disnet.ctb.upm.es/ 
2 Project Reference: RTI2018-094576-A-I00 
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of new treatments. The application of network theory in the area of biomedicine offers a new way 

to approach this research, by allowing to represent the complexity of the relationships between 

diseases as a collection of linked nodes. While homogeneous disease networks contain only 

disease-type nodes, heterogeneous disease networks include other types of nodes such as 

symptoms, associated genes or treatments, associated with diseases. This second type of 

networks, included within the broader concept of heterogeneous information networks (HIN), 

have proven to be a powerful tool for extracting new knowledge from complex data in different 

research areas (Han, 2012; Y. Sun et al., 2011). 

Building heterogeneous disease networks that may lead to novel medical knowledge is a complex 

process that involves the extraction, processing, and integration of data from multiple biological, 

literary, and clinical sources. These tasks present various challenges, such as the identification of 

medical terms in texts or the interoperability of disease vocabularies, among others. Additionally, 

the discovery of new disease connections in a network requires the definition and application of 

similarity measures based on disease-associated data, such as their biomolecules (genes, proteins, 

etc.) and their symptoms (Cheng et al., 2014; Hoehndorf et al., 2015). 

The increasing availability of omics data, combined with the improvement of network tools, have 

boosted the application of heterogeneous networks in complex areas of medical research such as 

disease classification and drug repositioning. Since diseases with similar molecular origins or 

symptoms could share diagnosis and treatment, novel findings obtained through the analysis of 

disease networks can be of major help to researchers, reducing the time and costs of their studies. 

In addition, this application is especially important in the case of rare or recently discovered 

diseases, for which there are no diagnostic or treatment guidelines (Hernandez et al., 2017).  

Motivated by the potential of this methodology in an area of such importance and social impact 

as biomedicine, this doctoral thesis aims to deepen the use of complex networks to improve our 

understanding of diseases using new data and similarity analysis techniques. 

1.2. State of the art 

Early studies in biological networks addressed the description of systems as diverse as the genome 

or the world wide web as networks with complex topology. In 1999, Barabási and Albert 

introduced the concept of scale-free networks and proposed the Barabási-Albert model to explain 

their widespread emergence in natural, technological, and social systems (Barabási & Albert, 

1999). Since the complete sequencing of the human genome at the beginning of the 21st century, 

the increasing availability of biological data and advances in network theory have led to the 
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emergence of "Network Medicine". This term was coined by Barabási himself (Barabási, 2007), 

who together with Goh and other authors published “The Human Disease Network” (HDN) in 

2007. The study presents a homogeneous disease-disease network in which pairs of disorders are 

connected if they have common genes. The network was generated by projecting a bipartite gene-

disease graph called “Diseasome” (see Figure 1.1 A), constructed with OMIM data (Goh et al., 

2007). 

Subsequent studies delved into network-based analysis of diseases, by exploiting alternative 

sources such as Genome Wide Association studies (GWAS) and biomedical literature, to build 

disease-disease networks from common genes and phenotypes, respectively (Barrenas et al., 

2009; Hidalgo et al., 2009). However, to advance in the understanding of the complex 

relationships between diseases, considering only individual factors (e.g., disease-gene, disease-

symptom, or disease-drug) was insufficient. Thus, in 2012 Goh et al. revised their study of HDN 

(Goh & Choi, 2012) and proposed the integration of various disease-associated biological and 

non-biological factors into a single, complex, k-partite heterogeneous network referred to as the 

“Complete Diseasome” (Figure 1.1 B). 

 

Figure 1.1 A) The Diseasome as a disease-gene bipartite network, presented by Goh. et al in 2007. Copyright (2007) 

National Academy of Sciences, USA. B) The Diseasome described by Goh. et al in 2012, as network integrating each 

and every disease-contributing factor. Copyright (2012) Oxford University Press. 

Building on this idea, researchers began to integrate data from a growing number of sources to 

create increasingly complex heterogeneous networks. In these networks, diseases (nodes) 

appeared associated with factors such as chemical compounds, protein targets, diseases, side 

effects or pathways through semantically annotated relationships (edges) (B. Chen et al., 2012; 

Žitnik et al., 2013). For example, Hetionet (D. S. Himmelstein et al., 2017) integrated data from 
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29 public sources into a network with 47,031 nodes (11 types) and 2,250,197 relationships (24 

types). 

 

Figure 1.2 A) The metagraph of Hetionet, as a schema of the network types. B) Visualization of Hetionet. Note the 

resemblance to the Diseasome shown in Figure 1.1. Copyright (2017), Himmelstein et al. 

The increasing completeness of the heterogeneous disease networks combined with the power of 

network analysis and advances in computing capacity have allowed researchers to uncover 

unknown connections between diseases, improving our understanding of their etiology and 

pathogenesis. These findings have made a notable contribution in the field of drug repositioning, 

that is, the use of existing drugs to treat new disorders. Given a certain disease, Drug Target 

Indication (DTI) tools predict potential treatments considering its similarity to other diseases. 

Projects like Rephetio, based on Hetionet, DTINet or COVIDDrugNet are examples of network-

based drug repurposing solutions (D. Himmelstein et al., 2016; Luo et al., 2017; Menestrina et 

al., 2021). 

In this line, the Center of Biomedical Technology at Universidad Politécnica de Madrid has 

recently developed DISNET, a framework to enable the creation of custom networks oriented to 

the analysis of diseases and drug repurposing. The system extracts data periodically from 

phenotypic, genetic, metabolomic and pharmacological sources, keeping records (snapshots) of 

each extraction process. This way, DISNET maintains its database up-to-date and facilitates 

historical data analysis (Lagunes-García et al., 2020). Finally, the framework provides both a 

web-based interface for data visualization and an API for programmatic exploitation (Lagunes 

García et al., 2020). 
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Figure 1.3 A) Disease-symptom associations network in DISNET website3. B) Drug Projection in COVIDDrugNet 

website4. 

The abundance of network-based medical studies and the results achieved demonstrate the 

potential of this line of research to improve our disease understanding. However, there are hardly 

any publications that review and compile the knowledge acquired in these works. Some early 

reviews provide an excellent reference, although they have become obsolete (Chan & Loscalzo, 

2012) or focus on specific applications, such as obtaining disease-disease associations (K. Sun et 

al., 2014). A systematic and comparative review of the studies in the last decade is needed that 

facilitates future studies on disease networks is still missing. 

1.2.1. Integrating disease data from heterogeneous sources 

While the increasing availability of biological, clinical and literature databases has contributed 

notably to the study of diseases through the analysis of complex disease networks, their 

integration and interoperability represent one of the main challenges in this area of study. This 

difficulty has its origin fundamentally in the different purpose for which each source was 

conceived. For instance, clinical records, a common source in network-based studies (Hidalgo et 

al., 2009; Jiang et al., 2018), usually identify diseases with codes from the International 

Classification of Diseases (ICD) used by doctors, health insurance companies, and public health 

agencies across the world to represent diagnoses (Fung et al., 2020). In contrast, medical articles 

- another broadly used source for building disease networks (Campos-Asensio, 2018; van Driel 

et al., 2006) - often label medical terms using ad-hoc vocabularies such as the Medical Subject 

Headings (MeSH). In other cases, databases of genetic disorders, rare diseases and carcinogenic 

 
3 https://disnet.ctb.upm.es/visualization/ 
4 http://compmedchem.unibo.it/covidrugnet/drug_projection 
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pathologies use specific vocabularies, such as OMIM, Orphanet and NCBI, respectively (Aymé 

& Schmidtke, 2007; Jouhet et al., 2017; McKusick, 2007). 

To alleviate this nuisance, large institutions have developed global purpose terminologies that 

incorporate and cross-map concepts from specific vocabularies. Notable examples are the 

Systematized Nomenclature of Medicine – Clinical Terms (SNOMED CT), promoted by the 

International Health Terminology Standards Development Organization (Lee et al., 2014), and 

especially the Unified Medical Language System (UMLS) (Bodenreider, 2004), maintained by 

the National Library of Medicine (NLM). With over 14 million concepts and 150 sources in its 

most recent version5, UMLS has become in a key tool in the development of studies and 

applications that integrate heterogeneous medical sources. However, the continuous emergence 

of clinical concepts and the complexity of establishing a meaningful relationship between 

vocabularies of different purpose and granularity results in the incomplete coverage of UMLS, 

especially in cases such as rare diseases (Rance et al., 2013; Sarntivijai et al., 2016). 

In recent decades, several projects have pursued a seamless integration across disease datasets. 

The Monarch Merged Disease Ontology (MonDO), created by the Monarch Initiative, employed 

a Bayes merging algorithm to integrate multiple human disease resources into a single hierarchical 

structure. In contrast to other mappings between ontologies, MonDO annotates each mapping 

using strict semantics to reflect whether two disease identifiers are one-to-one equivalent or if 

simply closely related (Mungall et al., 2017). MalaCards, an initiative of the Weizmann Institute 

of Science, provides an integrated database of diseases extracted from heterogeneous sources and 

normalized into a canonical form by using a semantic algorithm (Rappaport et al., 2014, 2017). 

Still, expanding the coverage of mapping tools and equipping them with search and visualization 

systems that allow their exploitation and validation by researchers remains an incomplete task. 

1.2.2. Extracting disease data from biomedical text sources 

Textual data sources such as EMRs and scientific papers, have shown remarkable potential in 

gaining new knowledge about diseases through network analysis (Hoehndorf et al., 2015; 

Lagunes García et al., 2020). Additionally, several studies have reported a significant overlap 

between the phenotypic networks obtained from this type of sources and those generated with 

biological data, such as disease-gene or disease protein associations (Halu et al., 2019; Zhou et 

al., 2014), demonstrating the close relationship between the different components of the 

Diseasome. 

 
5 https://www.nlm.nih.gov/research/umls/knowledge_sources/metathesaurus/release/statistics.html 
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The exploitation of textual sources has been favored by two main factors (Rebholz-Schuhmann 

et al., 2012). First, the increasing availability of retrieval engines such as UKPMC, an initiative 

of the European Bioinformatics Institute (EBI) and PubMed, maintained by the US National 

Center for Biotechnology Information (NCBI). Both resources provide APIs to facilitate data 

mining. And second, the evolution of Biological Named Entity Recognition (bio-NER) tools from 

rule- and dictionary-based approaches such as cTAKES (Savova et al., 2010) or MetaMap 

(Aronson & Lang, 2010), towards powerful methods based on machine learning such as CLAMP 

(Soysal et al., 2018) or Bio-BERT (Ji et al., 2020). 

However, the exploitation of textual sources for disease studies still poses several challenges. On 

the one hand, the access to certain datasets is limited by licensing or privacy restrictions (Y. Chen 

et al., 2015; Jovanović & Bagheri, 2017). On the other hand, the evolution of bio-NER tools is 

hindered by the scarcity of extensive and up-to-date validation datasets (Khattak et al., 2019). 

1.3. Objectives and hypotheses 

The main goal of this thesis by compendium, addressed in the included publications (P.I - P.III), 

can be summarized as follows: to explore and validate the use of heterogeneous networks 

obtained from omics and textual data in improving understanding of diseases, especially in the 

analysis of their similarities, as well as developing systems based on this methodology for 

application in biomedical research. The collaboration in the DISNET project, applying the 

results of the research in its improvement and evolution, is conceived as a secondary goal of the 

thesis. 

To achieve this broad goal, this dissertation seeks to complete the following measurable 

objectives: 

O.1 To review data sources and methods in network-based biomedical studies. Leveraging 

disease networks to improve our understanding of diseases and gain new knowledge about 

their similarities requires, on the one hand, the mining and integration of a large number of 

data sources; and on the other hand, tools that allow the construction and analysis of 

complex networks in a powerful and efficient way. For this reason, the study and 

compilation of sources and methods that serve as a reference both in this thesis and in future 

research is the first objective. 

O.2 To apply network-based analysis of disease similarities to the improvement of medical 

research. As a second objective, this thesis aims to develop and exploit novel disease 

networks and methods to solve real-world problems in medical research, by leveraging the 
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sources and techniques previously analyzed. The obtained results will be applied to 

enhance and extend DISNET services, as a legacy for future researchers. 

To conduct the research of this doctoral thesis towards the achievement of these objectives, the 

following hypotheses are formulated: 

H.1 The development of disease networks and their application to improve disease 

understanding can be analyzed from the perspective of a data science pipeline. In this 

case, it would be possible to observe common functional units in different studies in this 

field, such as data extraction, data integration model, validation, and presentation, 

facilitating their comparison, compilation, and extrapolation. 

H.2 Expert curated sources combined with network analysis can be exploited to cross-

map disease vocabularies. The capacity to resolve mappings between terms of the most 

important vocabularies with this approach would be comparable to that of other state-of-

the-art systems, in terms of accuracy and coverage. 

H.3 The accuracy of bio-NER tools can be measured by analyzing the disease network 

generated from the extracted terms. The results of applying this approach to different 

types of bio-NER tools would be comparable to those obtained using common evaluation 

techniques (e.g., based on gold-standards). 

1.4. Contributions 

The main contributions of this thesis focus on the collection of sources, tools, and methodologies 

for the analysis of diseases through networks, as well as on the application of this information in 

the development and validation of tools and methodologies to improve the interoperability of 

sources and the validation of bio-NER tools. Below follows a summary with the most relevant 

contributions. 

C.1 A systematized review of relevant studies on disease networks and their contribution 

to disease understanding, with a novel two-dimensional comparative analysis. On the 

one hand, the temporal evolution of the sources and tools used in the studies during the last 

decade is evaluated. And on the other hand, the functional units of the reviewed methods 

are broken down and compared.  

C.2  A comprehensive collection of data sources, tools, and methodologies commonly used 

in network-based medical research. The result stands out from similar works for its 

completeness and level of detail, including information about access methods and type of 
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license. The table format allows quick consultation by researchers, constituting a valuable 

tool in the development of future studies in this area.  

C.3  DisMaNET, a tool for mapping diseases from different vocabularies and classification 

systems. This solution uses a network of disease terms created from 8 sources, 

implemented as a graph-oriented database (Graph DB). Given a term from a vocabulary, 

DisMaNET obtains the closest terms from other vocabularies based on their network and 

semantic proximity. Apart from its methodology and the size of its network, the novelty of 

this tool lies in its intuitive graphical interface, its ability to perform complex queries using 

the Graph DB and its quality score of the mappings found.  

C.4  New disease mappings discovered with DisMaNET, missing in sources such as UMLS 

and Wikipedia. In the case of Wikipedia, more than 900 new mappings were contributed 

to its articles by the author, as part of the research.  

C.5.  Extension of DISNET services, by publishing the graphical interface and the API of 

DisMaNET as part of the DISNET platform, for its use by researchers. Furthermore, 

DisMaNET has been used to integrate new textual and omics sources into DISNET, 

facilitating the cross-reference of their disease identifiers. 

C.6  An evaluation methodology for bio-NER tools, based on network similarity criteria. 

This approach represents a novel alternative to traditional evaluation systems, based on 

annotated corpora, which suffered from limited access and scarcity of validation resources. 

Thanks to the abundance of omics data and the power of network analysis, our solution 

offers results similar to classical methods, without suffering their limitations. 

C.7  Creation and publication of heterogeneous multilayer networks from omics and textual 

data, which can serve as a reference for the use of the proposed evaluation methodology, 

as well as for other research related to disease networks. 

1.5. Outline 

This thesis by compendium is composed of three publications P.I - P.III, which are appended at 

the end, and it is divided into four chapters. The first chapter presents the motivation and state of 

the art, as well as the objectives, hypotheses, and contributions of the thesis. The content of the 

remaining chapters is summarized below:  

• Chapter 2 introduces the methodology used in the development of the thesis and the 

evaluation of the obtained results. 
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• Chapter 3 contains publications P.I - P.III. 

• Chapter 4 presents a general discussion of the results and provides an overview of future 

work. 
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This chapter describes the methodologies used to validate the hypotheses presented in chapter 1, 

and how they were applied in the publications included in this thesis by compendium. 

2.1. Systematized review 

To search for relevant studies in the area of network medicine and obtain synthesized research 

evidence to aid decision-making and determine best practice, the first publication (P.I) followed 

a type of systematic review methodology. Systematic reviews start with a clearly formulated 

question, and use reproducible methods to identify, select and critically appraise relevant research. 

By using a rigorous and transparent analysis, the collected studies are synthesized, and their main 

findings are extracted, with the aim of assessing. What distinguishes this methodology from 

traditional reviews and commentaries is its explicit and systematic approach. Figure 2.1 

illustrates the steps of a Systematic Review (Impellizzeri & Bizzini, 2012). 

 

Figure 2.1 Main steps in a systematic review. 

2. METHODOLOGY 



12 

 

The first step defines the problem to be addressed by the review as one or more clear, 

unambiguous, and structured questions. The search for relevant studies is carried out as a second 

step, using selection criteria that flow directly from the review questions. In step 3, the retrieved 

studies are filtered based on the defined quality criteria. Then the most relevant data are extracted 

(step 4) and synthesized (step 5) in tables containing the study characteristics, such as their 

sources or statistical methods. Finally, step 6 addresses the interpretation of the results, covering 

any risk of bias in the studies and providing recommendations for practice and future directions 

of research (Khan et al., 2003).  

A full systematic review requires a multi-person team of experts for an unbiased article screening 

and usually takes 12-18 months to complete. Since these restrictions were an impediment to the 

development of P.I, finally a less restrictive variant of systematic review, called systematized 

review, was chosen. Systematized reviews include some of the elements of full systematic 

reviews, such as a comprehensive and reproducible search strategy, a screening process and a 

synthesis and analysis of the most relevant evidence. Unlike systematic reviews, systematized 

reviews typically have just one reviewer and may not include a quality assessment of studies or a 

formalized risk of bias assessments (Sataloff et al., 2021).  

Table 2.1 summarizes their main differences between a traditional review, a full systematic 

review, and a systematized review. P.I-Section 2 describes how the systematized review 

methodology was applied, including the selected sources and the defined search criteria. 
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Table 2.1 Comparison of traditional review, a full systematic review, and a systematized review. 

2.2. Cross-Industry Standard Process for Data Mining 

In addition to addressing a systematized review of studies in network medicine, publication P.I 

validated the hypothesis that the development of disease networks and their application to 

improve disease understanding can be analyzed from the perspective of a data science pipeline. 

On the one hand, this result facilitates the compilation and reuse of the resources used by each 

study on the different phases of the pipeline. And on the other hand, it laid the foundations for the 

development of network-based solutions for real problems in medical research, as established by 

the second objective of this thesis (O.2). 

More specifically, for the development of network-based systems for the cross-mapping of 

disease vocabularies and for the validation of bio-NER tools (hypotheses H.2 and H.3, 

respectively), publications P.II and P.III followed the Cross-Industry Standard Process for Data 

Mining (CRISP-DM) data science pipeline methodology (C. Shearer, 2000). CRISP-DM is a tool-

agnostic procedure that breaks the model-development process into six major phases: 

 

Traditional 

review 

Full systematic review Systematized review 

Review 

question 

May be broad in 

scope. 

Focus and well-defined Focus and well-defined 

Review 

Team 

One reviewer Three or more expert 

reviewers 

One reviewer 

Search 

strategy 

Usually not 

defined. 

Well-defined, explicitly 

stated and reproducible 

Well-defined, explicitly 

stated and reproducible. 

Search scope Typically 

confined to well-

known studies. 

Comprehensive, 

heterogeneous set of studies 

Comprehensive, 

heterogeneous set of 

studies. 

Quality 

assessment 

Often not 

performed. 

Always performed, including 

risk of bias assessment. 

May not be performed. 

Synthesis Typically 

narrative. 

Typically narrative with 

tabular accompaniment 

Typically narrative with 

tabular accompaniment. 

Findings and 

conclusions 

Usually 

qualitative and 

not based on the 

quality of the 

studies. 

Based on the quality of the 

studies. Provides 

recommendations for 

practice and how to address 

unknown gaps. 

Provides 

recommendations for 

practice and how to 

address unknown gaps. 

Duration Weeks to months Months to years Weeks to months 
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1. Business understanding: This phase focuses on understanding the research objectives and 

requirements from a business perspective. Then, the knowledge is converted into a data 

mining problem and produces a preliminary project plan.  

2. Data understanding: The analyst starts with an initial data collection to get familiar with 

the data, discover first insights and identify data quality problems. This phase might also 

serve to detect subsets of interest to form hypotheses for hidden information. 

3. Data preparation: This phase covers the tasks to build the final dataset from the initial 

raw data, including selection, cleansing, construction, integration, and formatting. 

4. Modeling: In this phase, modeling techniques are selected and applied, and their 

parameters are tuned. Since some techniques have specific requirements on the form of 

the data, stepping back to the preparation phase might be necessary. 

5. Evaluation: Here, the analyst evaluates the model and reviews its construction to be 

certain it properly achieves the research objectives defined in the first phase. 

6. Deployment: In this final phase, the knowledge gained is organized and presented in a 

way it can be used for decision making. Typically, it involves deploying and maintaining 

a code representation of the model into an operating system. 

Figure 2.2 represents the six phases and their transitions:  



15 

 

 

Figure 2.2  Major phases of the CRISP-DM methodology and their possible transitions. 

Both publication P.II and P.III present in their respective Figure 1 a block diagram with the steps 

followed in the research, matching most of the phases of the CRISP-DM methodology. The 

business understanding phase was included in the introduction section of the publications.  

For its part, publication P.II covers the data understanding and data preparation phases in section 

2.2, describing the data sources with their relationships and the steps to integrate them. Sections 

2.3 and 2.4 address the modeling phase, including the creation of the multi-vocabulary term 

network and the similarity criteria. The evaluation of the mapping tool through the comparison 

with state-of-the-art solutions is presented in section 2.5. Finally, section 2.6 outlines the 

deployment of the GUI and API in DISNET. 

Regarding publication P.III, the Methods section presents the approach for the data understanding 

and data preparation of the text datasets and biological sources, as well as the modeling of the 

assessment mechanism for bio-NER tools, based on network overlapping and community 

detection. The model evaluation, consisting of a comparison with gold‐standards, is covered in 

the Results section. In this case, the deployment phase only involved the on-demand publication 

of the datasets and networks, as mentioned in the Data availability section. 
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3.1. Publication I 

Copyright (2019) Elsevier Inc. Reprinted, with permission, from: 

E. P. García del Valle, G. Lagunes García, L. Prieto Santamaría, M. Zanin, E. Menasalvas Ruiz, 

and A. Rodríguez-González, “Disease networks and their contribution to disease understanding: 

A review of their evolution, techniques and data sources,” in Journal of Biomedical Informatics, 

vol. 94, p. 103206, Jun. 2019, doi: 10.1016/j.jbi.2019.103206
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A B S T R A C T

Over a decade ago, a new discipline called network medicine emerged as an approach to understand human
diseases from a network theory point-of-view. Disease networks proved to be an intuitive and powerful way to
reveal hidden connections among apparently unconnected biomedical entities such as diseases, physiological
processes, signaling pathways, and genes. One of the fields that has benefited most from this improvement is the
identification of new opportunities for the use of old drugs, known as drug repurposing. The importance of drug
repurposing lies in the high costs and the prolonged time from target selection to regulatory approval of tra-
ditional drug development. In this document we analyze the evolution of disease network concept during the last
decade and apply a data science pipeline approach to evaluate their functional units. As a result of this analysis,
we obtain a list of the most commonly used functional units and the challenges that remain to be solved. This
information can be very valuable for the generation of new prediction models based on disease networks.

1. Introduction

The study of diseases as non-isolated elements and the under-
standing of how they resemble and relate to each other are crucial to
provide novel insights into pathogenesis and etiology, as well as in the
identification of new targets and applications for drugs [1]. The com-
plete sequencing of the human genome at the beginning of the 21st
century represented a revolution in the study of the relationships be-
tween diseases. In combination with the growing availability of tran-
scriptomic, proteomic, and metabolomic data sources, it should help to
improve the classification of diseases [2]. However, the use of these
sources raised new problems such as their fragmentation, hetero-
geneity, availability and different conceptualization of their data [3,4].

Recent developments in network theory provide a way to address
this challenge by representing these complex relationships as a collec-
tion of linked nodes [5]. Complex networks theory is a statistical phy-
sics interpretation of the old graph theory, aimed at describing and
understanding the structures created by the relationships between the
elements of a complex system [6–9]. Those elements are represented by
nodes, pairwise connected by links whenever a relationship is observed
between the corresponding elements. The resulting structure can then
be described by means of a plethora of topological metrics [10], or be

used as a base for modelling the system. The application of this field to
biological problems has been named “network biology”, while its use in
biomedical problems is known as “network medicine” [11]. Some ap-
plications of biological networks are protein-protein interaction net-
works, gene regulatory networks (DNA-protein interaction networks),
metabolic networks, signaling networks, neuronal network or phylo-
genetic trees [12].

Following this approach, disease networks express the relationship
between diseases as nodes and edges in a graph in =G D W( , ), where D
represents the set of diseases (nodes) and W the set of their relation-
ships (edges) based upon their similarity. The meaning of similarity
varies depending on the data used to build the network, which may be
biological (genes or common proteins) or phenotypic (comorbidity,
similar symptoms) [13], among other approaches. As will be explained
throughout this article, the concept of disease network is not limited to
disease-disease connections (homogeneous networks), but also to rela-
tions between the disease and other factors such as its symptoms, its
associated genes or its treatments (heterogeneous networks).

During the past decade, numerous studies have been proposed to
improve our understanding of the functioning of diseases and their
relationships by creating disease networks based on different disease-
disease association models and large-scale data exploitation. Of them, a
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significant number was oriented to exploit the new discovered re-
lationships between diseases in the reassignment of known compounds
for their treatment, the so-called “drug repurposing”. In the first part of
this document, we will thoroughly review this previous work, analyzing
the evolution of the methodologies used in the creation of disease
networks from a timeline perspective up to the state of the art.

Despite their different approaches and methodologies, in the studies
dedicated to the improvement of the disease understanding and parti-
cularly to drug repositioning, the typical phases of a data science pi-
peline are observed, such as data extraction, data integration model,
validation and presentation. In the second part of the document, these
common parts are analyzed and their existing implementations are
compared. Finally, based on the previous analysis, new studies are
proposed by improving or combining the phases of the pipeline.

This work aims to serve as a quick reference guide for practitioners
who want to start to create new disease network representations and
analyses. Its main contributions are (1) a historical survey of the most
relevant studies in this area, (2) a novel comparison of their functional
units and (3) a review of the open questions and future lines of research.
The study does not intend to evaluate in detail the results of each study
or their respective contributions.

2. Review methodology

A comprehensive search of the literature on disease networks and
their contribution to disease understanding and drug repurposing was
undertaken. Five databases were searched, including PubMed/Medline,
Web of Science, Springer, ACM Digital Library, and IEEE Xplore. The
results were restricted to English-language studies published from 2007
(as described in Section 3.1, the earliest study reviewed dates from this
year) to September 2018.

The following keywords were used for the search: disease network
or at least one of “biological network, network medicine”; and at least
one of “disease understanding, drug repurposing, drug repositioning,
pipeline”. The obtained studies were screened by a single researcher
and then reviewed by the coauthors, so this work can be considered a
“systematized review” [14].

Analysis of articles followed predetermined eligibility criteria.
Studies were included in the review, if the study: (a) addressed the
application of biological networks to disease understanding and/or
drug repurposing; (b) the methods to build the network; (c) provided
qualitative and quantitative information of the generated network.

3. Evolution of disease networks and their application to drug
repurposing

3.1. Early studies

Initial works proposing the use of disease networks for the analysis
of their underlying relationships exploited data of biological origin. In
2007, Goh et al. constructed a disease-gene bipartite graph called
“Diseasome” using information from OMIM database [1]. From the
diseasome, they derived the Human Disease Network (HDN), in which
pairs of disorders are connected if they have common genes. The study
revealed that diseases tend to cluster by disease classes and that their
degree of distribution follows a power law; that is, only a few diseases
connect to a large number of diseases, whereas most diseases have few
links to others.

Aiming to reduce the bias of the HDN towards diseases transmitted
in a Mendelian manner [15], subsequent studies used other sources of
biological data. In 2008 year, Lee et al. constructed a metabolic disease
network in which two disorders are connected if the enzymes associated
with them catalyze adjacent reactions [16]. In 2009, Barrenas et al.
[17] derived a complex disease-gene network (CDN) using GWAs
(Genome Wide Association studies). The complex disease network
showed that diseases belonging to the same disease class do not always
share common disease genes. Complex disease genes are less central
than the essential and monogenic disease genes in the human inter-
actome.

The rapid improvement in disease association prediction through
the use of network theory fostered its early application to drug re-
purposing. Drug repurposing is the utilization of known drugs and
compounds to treat new indications [18]. Since the repositioned drug
has already passed a significant number of toxicity and other tests, its
safety is known and the risk of failure for reasons of adverse toxicology
are reduced [19]. As a result, the cost and time needed to bring a drug
to market is significantly reduced compared to traditional drug devel-
opment. The commercial applications of drug repositioning and the
interest shown by pharmaceutical companies have led to a growing
academic activity in this field. This fact is reflected in the evolution of
the results for the search by “Drug Repurposing” in Google Scholar, as
seen in Fig. 1.

First studies in drug repurposing using biological networks followed
a drug-centric approach based on the “guilt-by-association” assump-
tion, that is, similar drugs may share similar targets and vice-versa [20].

Fig. 1. Evolution of the number of articles in Google Scholar containing the term “drug repurposing” within the last 10 years. Retrieved from https://csullender.com/
scholar/. Copyright: 2017, Colin Sullender. Use authorized by the copyright owner.
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In 2007, Yildrim et al. created a graph composed of US Food and Drug
Administration–approved drugs and proteins linked by drug–target
binary associations [21]. Similar studies were carried out by Ma’ayan
[22] in 2007 and Chiang [23] and Bleakley [24] in 2009. In 2008,
Nacher Schwartz compiled a drug-therapy network with all US-ap-
proved drugs and associated human therapies. Further studies followed
a disease-centric approach, in which effective drugs were identified
based on disease-disease similarity. In 2008, Campillos et al. predicted
new targets for drugs by calculating similarities between diseases based
on side effect that appears from injection of drug [25]. In 2009,
Guanghui Hu et al. performed a systematic, large-scale analysis of
genomic expression profiles of human diseases and drugs to create a
disease-drug network [26]. Suthram in 2010 [27] and Mathur in 2012
[28] also predicted new uses of existing drugs based on disease-disease
associations calculated from mRNA expression similarity and biological
process semantic similarity, respectively.

3.2. Incorporating textual sources

The abundance of new biological data did not make researches
overlook the existence of another important resource: the highest level
clinical phenotypes, that is, symptoms. As one of the first and most
obvious forms of diagnosis, the relationship between symptoms and
diseases is widely documented in electronic medical records (EMR) (see
Fig. 2).

One of the earliest studies in network medicine to use these sources
was published by Rzhetsky et al. in 2007. The disease history of 1.5
million patients at the Columbia University Medical Center to infer the
comorbidity links between disorders and prove that phenotypes form a
highly connected network of strong pairwise correlation [29]. In 2009,
Hidalgo et al. built a Phenotypic Disease Network (PDN) summarizing
the connections of more than 10 thousand diseases obtained from
pairwise comorbidity correlations reconstructed from over 30 million
records from Medicare patients. The PDN is blind to the mechanism
underlying the observed comorbidity, but it shows that patients tend to
develop diseases in the network vicinity of diseases they have already
had. Also disease progression was found to be different across genders
and ethnicities [30]. More recently, Jiang et al. [31] used data from the
Taiwan National Health Insurance Research Database to construct the
epidemiological HDN (eHDN), where two diseases are concluded as
connected if their probability of co-occurring in clinics deviates from
what expected under independence.

Despite their demonstrated potential in pathological analysis, the
access and use of EMR in medical research is limited by several issues,
including the heterogeneity of sources [32], ethical and legal restric-
tions and the disparity of regulations between countries [33]. The
analysis of open text sources has been used as an alternative to EMR.
One of the reasons is the improvement in the techniques for Named
Entity Recognition (NER) for the extraction of medical terms.

Okumura et al. [34] performed an analysis of the mapping between
clinical vocabularies and findings in medical literature using OMIM as a
knowledge source and MetaMap as the NLP tool. Following this idea,
Rodríguez et al. [35] used web scraping and a combination of NLP
techniques to extract diagnostic clinical findings from MedlinePlus ar-
ticles about infectious diseases using MetaMap tool. In a further study,
the same team compared the performance of MetaMap and cTakes in
the same task [36].

The increasing availability of retrieval engines such as PubMed or
UKPMC, maintained by the US National Center for Biotechnology
Information (NCBI) and the European Bioinformatics Institute (EBI),
respectively, has also boosted this approach [37]. In 2014 Zhou et al.
extracted symptom information from PubMed to construct the Human
Symptoms Disease Network (HSDN). In the HSDN, the link weight be-
tween two diseases quantifies the similarity of their respective symp-
toms [38]. In 2015, Hoehndorf et al. created yet another Human Dis-
ease Network using a proposed similarity measure for text-mined
phenotypes [39]. In both cases, these studies compare their results with
gene-based networks, finding that symptom-based similarity of two
diseases strongly correlates with the number of shared genetic asso-
ciations. They also demonstrated that not only Mendelian diseases tend
to be grouped into classes, but also common ones.

3.3. Completing the diseasome

Due to the intrinsic complexity of the relationships between dis-
eases, the consideration of a single factor (e.g. gene-disease, symptom-
disease or drug-disease) was a limiting factor to obtain novel findings
and predicting drug repositioning [18]. In his review of the HDN in
2012, Goh et al. proposed that each and every disease-contributing
factor such as molecular links from interactome, co-expression and
metabolism, as well as genetic interactions and phenotypic comorbidity
links, will have to be integrated in a context-dependent manner. Fur-
thermore, drug chemical information and non-biological environmental
factors such as toxicity information altogether must also be

Fig. 2. Two examples of semantically annotated heterogeneous networks. Every node and edge was semantically annotated using a systems chemical biology/
chemogenomics ontology. In (A), Žitnik et al grouped nodes into 10 classes which are linked by 12 types of semantic edges. Two nodes are linked by one or more
number of annotated paths. (B) shows a Representation of the metagraph in the Hetionet heterogeneous network by Himmelstein et al, with 11 data types (me-
tanodes, depicted as circles) and 24 connection types (metaedges, depicted as links) semantically annotated. Both representations show the capacity of semantic
heterogeneous networks to depict the complexity of the relationships between concepts associated with the disease, but they also illustrate the lack of standard in this
approach. (A) Retrieved from https://journals.plos.org/ploscompbiol/article/figure?id=10.1371/journal.pcbi.1002574.g001. Copyright: 2012 Chen et al. This is an
open-access article distributed under the terms of the Creative Commons Attribution License. (B) Retrieved from https://www.ncbi.nlm.nih.gov/pmc/articles/
PMC5640425/figure/fig1/. Copyright: 2017, Himmelstein et al. This article is distributed under the terms of the Creative Commons Attribution License.
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incorporated [15]. The result will be a combination of general and bi-
partite network representations into a single, complex, k-partite het-
erogeneous network referred as the complete Diseasome. In line with
this idea, Gottlieb made use of a broader collection of data sources to
create five drug-drug similarity measures and two disease-disease si-
milarity measures. These similarity measures were then used by PRE-
DICT, an algorithm to infer novel drug indications [40]. Further studies
by Sun [41], Albornoz [42], Daminelli [43] and Wang [44] combined
multiple data sources to create tripartite networks of gene-disease-PPI,
gene-disease-pathways and drug-target-disease, to predict disease-dis-
ease associations and repurposing candidate drugs. In 2012, Chen et al.
created an heterogeneous network from 17 public data sources relating
to drugs, chemical compounds, protein targets, diseases, side effects
and pathways [45]. In 2013, Žitnik et al. integrated molecular inter-
action and ontology data of 11 different types to create another het-
erogeneous network. When evaluating the predictive capacity of the
network, genetic interactions proved to be the most informative fea-
ture, as they tend to be causative as opposed to correlative and may
therefore have less noise associated [4]. In both studies, the authors
leveraged semantic ontology-level information to annotate the edges.
The evolution of these type of heterogeneous networks has resulted in
the generation of complex tools for the study of disease associations
based on multiple sources and types of relationships. A notable example
is Hetionet [46], an integrative network encoding knowledge from
millions of biomedical studies. Its data were integrated from 29 public
resources to connect compounds, diseases, genes, anatomies, pathways,
biological processes, molecular functions, cellular components, phar-
macologic classes, side effects, and symptoms. However, the main dis-
advantage of this approach is the lack of standards and the ambiguity in
node/link descriptions, as shown in Fig. 1, which may lead to wrong
inferences.

Ultimately, advances towards more comprehensive networks have
resulted in tools for the prediction of new treatments given a certain
disease, known as Drug Target Indications (DTI). This is the case of
Rephetio [47], a project based on Hetionet [46] that predicted 3394
repurposing candidates by applying an algorithm originally developed
for social network analysis [48]. Another example worth mentioning is
DTINet [49], a DTI prediction system based on learning low-dimen-
sional feature vectors that showed better performance than other state-
of-the-art prediction methods and discovered the potential application
of cyclooxygenase inhibitors in preventing inflammatory diseases.

4. A data science pipeline to build disease networks

Throughout the previous section, we have seen how the rise of
network medicine studies has resulted in a expanding variety of in-
novative methods for the construction and exploitation of disease net-
works. However, despite using different strategies, these methods are
generally based on determining the similarities and relationships be-
tween diseases and their treatments at phenotypic level (comorbidity,
side-effects) or biological level (common genes, proteins, compounds).
Furthermore, they clearly share common phases such as data ingestion,
data processing, analysis, modeling or visualization that can be re-
presented as functional units of a data science pipeline.

The data science pipeline consists in a sequence of stages or func-
tional units that sequentially process some input data in order to solve a
certain problem [50]. This concept applies to disease networks, where
disease information is processed to discover how diseases relate to each
other or how drugs can be repositioned. The pipeline representation
also facilitates the reproducibility and the comparison among studies as
a whole and also at phase level. Most importantly, it also enhances the
reusability and the recombination of the functional units to build new
drug-repurposing. Throughout the following subsections, we will de-
scribe the process of construction and exploitation of a disease network
through the functional units of a data science pipeline.

4.1. Data acquisition and processing

The first step in the pipeline is to acquire data from a variety of
sources, a process known as data acquisition or data ingestion. As seen
in the Section 2, the growing availability of information sources has
allowed developing different approaches to improve our understanding
of diseases and to predict new drug applications.

A significant number of studies use biological data, such as KEGG
(genes and pathways) [16], BioGRID (protein interactions) [4] or
OMIM (genes and phenotypes) [1,28], among many others. Supple-
mentary Table 1 contains some of the most important sources of bio-
logical information, including their type and description. Studies on
disease networks focusing on drug repositioning exploit drug databases
and their relation to genes, phenotypes and compounds, such as those
offered by the FDA [21–24] or DrugBank [25–28,38], for instance.
Supplementary Table 2 collects the most common drug data sources.
Finally, an increasingly significant number of studies use empirical data
obtained by mining medical literature sources (e.g. articles, clinical
trials, EMR) such as PubMed [38,39,51] or the GWAS Catalog [41,52].
Supplementary Table 3 contains some of the most relevant sources of
medical literature.

A second step in the pipeline consists in transforming and mapping
data into a format with the intent of making it more appropriate to
work (usually referred as data processing, data wrangling or data
munging). Recent studies combine multiple databases to provide more
accurate prediction models [4,45,46]. However, this poses a challenge
when relating identifiers or terms obtained from different sources. To
address this problem, researchers use thesauri of terms such as MeSH,
SNOMED CT or UMLS; code listings such as ICD or HGNC; and ontol-
ogies such as DO, PO, GO or Uberon [39,53]. Being a valuable source of
semantic and hierarchical information themselves, these resources
allow mapping data such as disease codes or medical terms. In the case
of medical literature sources, the use of metadata (such as MeSH
headers in the case of Pubmed, for example) is often combined with
terms extraction tools such as MetaMap or cTakes [36]. Supplementary
Table 4 lists some of the sources used for data mapping.

The way to exploit the information in these databases varies greatly
from one source to another. Largest databases offer online advanced
search and provide developers with application programming interfaces
(APIs) to facilitate intensive access to data. For example, the NCBI
provides the E-utilities, a public API to access all the Entrez databases
including PubMed, PMC, Gene, Nuccore and Protein. The Japanese
KEGG also provides REST APIs for data consumption. DisGeNET pro-
vides an SPARQL endpoint that allows exploration of the DisGeNET-
RDF data set and query federation to expand gene-disease association
information with data on gene expression, drug activity and biological
pathways, among other. In some cases, data can also be downloaded for
their consumption through on-premise applications, as in the case of
the Disease Ontology or the Gene Ontology, for example. This disparity
complicates the use of different sources in research projects. To alle-
viate this problem, initiatives such as Biopython1 offer common li-
braries to access multiple sources reducing code duplication in com-
putational biology. Finally, it is very important to know the limitations
imposed by each source regarding the volume and use of the data.
Supplementary Tables 1–4 also include information in this regard.

4.2. Data integration and modeling

In the next steps of the data science pipeline, data previously ac-
quired and processed are integrated and analyzed in order to answer
the matter of our study. In other words, a disease network is built by
combining the output of the previous stage and a model is constructed
from it. Disease networks consist of a set of nodes (mainly, but not only,

1 https://biopython.org.
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representing diseases) and a set of edges (connecting diseases directly
or through other related node types). Depending on the type of node
they connect, network edges can be directed or undirected, weighted or
unweighted. As described in previous sections, over the past decade
successive studies based on disease networks have proposed different
models of data integration.

4.2.1. Homogeneous networks
Homogeneous disease networks (i.e. those where nodes represent

diseases and edges represent direct connections among them) are the
simplest type of disease networks. In many studies these networks are
built as a projection of a heterogeneous disease network (i.e. a network
in which diseases are connected to other types of nodes) [1,42]. For
example, in Fig. 3, the gene-disease bipartite network is projected onto
the disease similarity network (DSN) by relating two diseases that have
a gene in common. The disease–disease network can then be analysed
by using standard network based methods [1,54]. In a simplistic ap-
proach, the link weights in the resulting disease–disease network re-
present the link multiplicity resulting from the projection. More com-
plex methods, such as hyperbolic weighting or resource allocation
weighting, have been proposed as an alternative [55,56].

In other studies, homogeneous disease networks are built as simi-
larity networks. In these networks, if the similarity score between dis-
ease i and j is more than zero, the corresponding vertices are linked by
an edge in the network. The weight of this edge is the corresponding
disease similarity score. Several computation methods for the disease
similarity score have been proposed, being Vector Space Model (VSM)
[57] among the most popular ones. For instance, in 2006 Van Driel
et al. represented diseases as vectors of features (viz. disease associated
MeSH terms extracted from OMIM records) weighted by their inverse
document frequency [58]. The similarity between diseases was then
computed as the cosine of the disease vector angles (i.e. cosine simi-
larity). A similar approach was followed by Zhou to build the HSDN
[38] and by Sun to build the Integrated Disease Network [59].
Hoehndorf et al. proposed Normalized Pointwise Mutual Information
(NPMI) for disease phenotypic term weighting and later used the Phe-
nomeNET system to compute similarity between diseases using a Jac-
card index based measured [39]. Similarity measures based on the term
hierarchy in the Disease Ontology and the Gene Ontology have been

proposed by Resnik, Lin, Wang, Mathur and Cheng [28,60–63], and
have been integrated in online tools like DisSim or DisSetSim [64,65].
Okumura et al. described alternative similarity measures based on
standardized disease classification, probabilistic calculation, and ma-
chine learning [66].

4.2.2. Heterogeneous networks
The projection of heterogeneous networks into homogeneous dis-

ease-disease networks allows applying simpler network analysis tech-
niques on the resulting network. However, it often results in informa-
tion loss. For instance, in Fig. 3 by projecting the gene-gene network
onto the disease-disease network, the information about gene interac-
tions and their structure is lost. In contrast, heterogeneous networks
make it easy to predict relationship between entities of different types,
such as diseases, genes or drugs, following a guilt-by-association para-
digm [20]. For example, a drug that regulates a gene associated to a
disease could be repurposed for diseases associated to the same gene.
Data fusion by matrix factorization and network topology based tech-
niques, such as diffusion and meta-path, are the most common methods
for edge prediction in heterogeneous networks, as discussed below

Matrix Factorization methods are closely related to clustering (un-
supervised) algorithms. Non-Negative Matrix Factorization (NNMF)
decompose matrices of heterogeneous data and data relationships to
obtain low-dimensional matrix factors. These factors are then used to
reconstruct the data matrices, adding new unobserved data obtained
from the latent structure captured by the low-dimensional matrix fac-
tors. Hence, NNMF provides a mechanism to integrate heterogeneous
data of any number, type and size. In 2013 Žitnik et al. applied a variant
of NNMF called non-negative matrix tri-factorization to discover new
disease-disease association by fusing 11 data sources on four type of
objects including drugs, genes, DO terms and GO terms [4]. In 2015 Dai
et al. integrated drug-disease associations, drug-gene interactions, and
disease-gene interactions with a matrix factorization model to predict
novel drug indications [67]. More recently, Zhang et al. proposed a
similarity constrained matrix factorization method for the drug-disease
association prediction using data of known drug-disease associations,
drug features and disease semantic information [68].

Methods based on diffusion (i.e. information spreading across net-
work links) have also been extensively proposed to estimate the

Fig. 3. A representation of a heterogeneous network composed of gene-disease interactions. Homogeneous gene-gene or disease-disease networks are obtained via
gene or disease projections, respectively.
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strength of the connection between nodes of heterogeneous networks.
An advantage of such approaches, also called network propagation
methods, over matrix factorization is that they preserve the network
structure. Chen et al developed the method of Network-based Random
Walk with Restart on the Heterogeneous network (NRWRH), a variation
of a ranking algorithm, to predict potential drug-target interactions on
heterogeneous networks [69]. Further variations of random walk al-
gorithms, such Bi-Random Walk (BiRW) have been applied to predict
novel disease-gene [70], disease-MiRNA [71] or disease-lncRNA asso-
ciations [72], among others.

Metapath-based approaches also preserve the network structure,
and additionally provide an intuitive framework and interpretable
models and results. A meta-path P is a path defined over the general
schema of the heterogeneous network G = (A, R), where A represents
the set of nodes and R the set of their relationships. The metapath is
denoted by +A A A

R R R
l1 2 1

l1 2 , where l is an index indicating the
corresponding metapath [48]. Fig. 4 shows the metapaths extracted
from an annotated heterogeneous network.

In their 2012 study, Chen et al. developed a meta-path based sta-
tistical model called Semantic Link Association Prediction (SLAP) to
assess the association of drug target pairs and to predict missing links
[45]. In 2016 Gang Fu et al. proposed an alternative DTI approach to
the SLAP algorithm taking advantage of machine learning methods
such as Random Forest and Support Vector Machine [65]. To quantify
the prevalence of the meta-paths, Himmelstein adapted an existing
method developed for social network analysis (PathPredict) and de-
veloped a new metric called degree-weighted path count (DWPC). The
DWPC downweights paths through high-degree nodes when computing
meta-path prevalence [46].

Despite maintaining and exploiting the structure of heterogeneous
networks, methods based on diffusion or meta-paths present some
scalability limitations, such as the bias introduced by the noise and
high-dimensionality of biological data or the effort in feature en-
gineering. Recently, Luo et al. designed DTINet, a novel network in-
tegration pipeline for DTI prediction. DTINet integrates information
from heterogeneous sources (e.g., drugs, proteins, diseases and side-
effects) and copes with the noisy, incomplete and high-dimensional
nature of large-scale biological data by learning low-dimensional but
informative vector representations of features for both drugs and pro-
teins [49].

4.3. Model validation

In this analysis of the reconstruction of disease networks, we wanted
to give a special relevance to the validation process. Ensuring that the

computational pipeline is producing correct and valid results is critical,
particularly in a clinical setting [73]. As previously explained, disease
networks are used in studies as diverse as the discovery of new disease-
disease relationships, the prediction of gene-disease relationships
(GDA) or the repositioning of drugs. The validation of the network
depends, therefore, on the type of study in question. In general, the
validation can be done experimentally or by computational techniques.

4.3.1. Approaches
Experimental validation includes the verification of the predictions

in a controlled environment outside of a living organism (in vitro) or
using a living organism (in vivo). Animal studies and clinical trials are
two forms of in vivo research. For example, in their drug repositioning
study based on heterogeneous networks, Luo et al. validated the
bioactivities of the COX inhibitors predicted by DTINet experimentally.
They tested their inhibitory potencies on the mouse kidney lysates using
the COX fluorescent activity assays [49]. Jodeleit et al. validated their
disease network of inflammatory processes in humanized NOD/SCID/
IL2Rγ (NSG) mices [74]. While experimental validation studies have
the potential to offer more conclusive results about the performance of
disease networks, they have several limitations. First, animal studies
and clinical trials require expensive lab work and are long and costly. In
addition, their conclusions can be misleading. For example, a therapy
can offer a short-term benefit, but a long-term harm. Finally, the re-
levance of animals as models of human disease is questionable, because
the networks linking genes to disease are likely to differ between the
two species [75,76].

In silico is an expression used to mean “performed on computer or
via computer simulation.” In silico tests have the potential to speed the
validation process while reducing the need for expensive lab work. In
silico validation requires a point of reference for evaluating the model
performance, also known as Criterion Standard or Gold Standard. It is
noteworthy that in the field of biomedicine usually the criterion standard
is actually the best performing test available under reasonable condi-
tions [77]. For example, in this sense, a MRI is the gold standard for
brain tumour diagnosis, though it is not as good as a biopsy [78].
Hence, the most recurrent benchmarks used in the validation in silico of
disease networks include consolidated data biomedical sources and
medical literature.

While in silico validation is especially appealing because of the
ability to rapidly screen candidates and to reduce the number of pos-
sible repositioning candidates, it is debatable how useful and reliable
such methods are in producing clinically efficacious repositioning hy-
potheses. With in silico repurposing approach, there can be a possibility
of false positive hits during screening and also the activity of the

Fig. 4. (A) The Hetionet annotated heterogeneous network is constructed according to the metagraph schema, which is composed of metanodes (node types) and
metaedges (edge types). (B) The network topology connecting a gene and disease node is measured along metapaths (types of paths). Starting on Gene and ending on
Disease, all metapaths length three or less are computed by traversing the metagraph. Retrieved from https://journals.plos.org/ploscompbiol/article?id=10.1371/
journal.pcbi.1004259. Copyright: 2015 Himmelstein, Baranzini. This is an open access article distributed under the terms of the Creative Commons Attribution
License.
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candidate drug molecules may vary in the in vitro or in vivo systems.
Therefore, to validate their potency further in vitro and in vivo studies
are needed to be performed [79].

4.3.2. Sources
Sources of biological, phenotypic or chemical data as well as several

available ontologies and code standards (see Section 3.1) are used for in
silico validation in many studies focusing on disease networks. For in-
stance, their performance to discover disease-disease relationships has
been validated with the disease classifications in the Disease Ontology
[4,39] or in the ICD codes [42], as well as with comorbidity associa-
tions downloaded from the Human Disease Network (HuDiNe) [41].
DisGeNET has been used to validate de novo gene-disease associations
[80], as it integrates data from expert curated repositories with in-
formation gathered through text-mining of the scientific literature,
GWAS catalogues and animal models [81].

For the validation of drug repositioning predictions, sources such as
PharmacotherapyDB and DrugCentral were exploited [47]. However,
the heterogeneity in the source of these standards as well as the types of
data they contain is detrimental to reproducibility and may lead to
claims on extremely high accuracy. For instance, DrugBank contains
information about only the FDA-approved indications for drugs, and
missesit misses off-label uses and late-stage clinical trials. On the other
hand, Comparative Toxicogenomics Database contains literature-an-
notated links between drugs and both approved and investigational
indications, and contains drug–indication pairs that have subsequently
failed to receive FDA approval [82].

Furthermore, the aforementioned sources are inevitably biased to-
wards consolidated knowledge, and therefore they might suffer some
limitations in corroborating new discoveries. As an alternative (or
usually, as a complement) to these sources, medical literature (i.e.
studies, medical trials and EMR) are used for in silico validation of
disease network based studies. For instance, Mathur and Paik used
previous studies to validate disease-disease and drug-target associations
[28,83], while Anand tested their model with data from EMR [52] In
some cases, the validation process also combined expert review to
corroborate the discoveries [38].

4.3.3. Methods
Leaving aside the particularities of biomedical research and its

sources, the validation of classification or prediction methods based on
disease networks does not differ from other validation cases. Therefore,
in the analyzed studies we found validation methods widely used. For
example, k-fold cross-validation is often used to check whether the
model is an overfit or not [84,85]. Overfitting is one of the typical
problems of validation, especially when limited data sets are available.
Information leakage is another common pitfall in model validation, and
occurs when biased data (e.g. data on the training labels) leak into the
model before cross-validation, making irrelvant features appear as
highly predictive and leading to overly optimistic results. This issue can
be prevented by applying nested cross-validation or by excluding cer-
tain datasets before the validation process [86,87].

To quantify the predictive power of their network-based model,
many studies use the Area Under the Curve of the Receiver Operating
Characteristic (AUC-ROC), another frequently used method in valida-
tion problems [39,52,88,89]. The AUC-ROC is the plot between sensi-
tivity and (1- specificity). The p-value is the probability that the ob-
served sample AUC-ROC could actually correspond to a model of no
predictive power (null hypothesis), i.e. to a model whose population
AUC-ROC is 0.5. If p-value is small, then it can be concluded that the
AUC-ROC is significantly different from 0.5 and that therefore there is
evidence that the model actually discriminates between significant and
non-significant results [90]. Typically, a threshold value (called sig-
nificance level) of p-value < 0.05 is used. However, biomedicine stu-
dies often use more restrictive values like 0.005 [28] or even 0.001 [4].

4.4. Network exposition, visualization and interaction

Last but not least, at the end of the pipeline the results obtained
should come out in a format that can be consumed by the audience (e.g.
the scientific community, the media or even ourselves to inform the
next iteration). One of the major advantages of disease networks is the
intuitive access to the underlying complex interactions between dis-
eases and other diseases, genes or drugs. Thus, publishing not only the
data but also means to explore and exploit the network is key to ensure
reproducibility and extensibility of the study [91]. Early studies lacked
this option, although access to their data allowed the construction of
visualization tools a posteriori. For example, Ramiro Gómez created an
interactive view of the Human Disease Network proposed by Goh in
2007 using the graph visualization software Gephi2 and the original
dataset from the study.3 The same software was used by in 2014 and by
Hoehndorf in 2015 to visualize the generated disease networks [39]. In
both cases, a force-directed layout was used for the graph drawing [92].

Advances in network visualization tools have prompted the pub-
lication of network exploration systems associated with studies, being
Cystoscape4 a remarkable example. Cytoscape provides basic func-
tionality to layout and query the network; to visually integrate the
network with expression profiles, phenotypes, and other molecular
states; and to link the network to databases of functional annotations
[93]. A number of studies have used Cytoscape as a basis to build and
visualize their networks. For instance, Le et al. created HGPEC as an
app for Cytoscape to predict novel disease-gene and disease-disease
associations [94]. DisGeNet provided another app that allows to vi-
sualize, query and analyse a network representation of DisGeNET da-
tabase [95]. Many other apps can be found in the Cytoscape app store.5

On their side, Himmelstein et al. accompanied their study based on
heterogeneous disease networks with a powerful visualization tool built
with Neo4j6 [46] that provides browsing and querying on Hetionet (see
Fig. 5). Being a remarkable example of data accessibility, not only the
data but also the code of this tool is publicly available. Different studies
of the University of Rome, such as SIGNOR7 and DISNOR,8 also pro-
vides a disease network visualization tool that includes intuitive re-
presentations of the interactions between biological entities at different
complexity levels (see Fig. 6). This visualization tool was developed ad-
hoc for these projects [96–98].

A recent study by Pavlopoulos et al. performs an empirical com-
parison of visualization tools for large-scale network analysis [99].

5. Discussion

The analysis of the evolution of the disease networks carried out in
the first part of the document shows how these models have become
increasingly complex and allow to address arduous problems such as
the improvement of our disease understanding or the repositioning of
drugs with promising results. However, as a side effect of this growing
complexity, new challenges have emerged that need to be addressed.

The growing availability of biological sources, key in the improve-
ment of disease networks, is ballasted by their fragmentation, hetero-
geneity, availability and different conceptualization of their data [3].
Furthermore, these sources are intrinsically biased towards con-
solidated knowledge, which complicates the discovery of novel find-
ings. The exploitation of textual sources such as clinical histories or
scientific articles - more abundant and faster growing – allows

2 https://gephi.org.
3 https://exploring-data.com/info/human-disease-network.
4 http://www.cytoscape.org.
5 http://apps.cytoscape.org.
6 https://neo4j.com.
7 https://signor.uniroma2.it.
8 https://disnor.uniroma2.it.

E.P. García del Valle, et al. Journal of Biomedical Informatics 94 (2019) 103206

7

https://gephi.org
https://exploring-data.com/info/human-disease-network
http://www.cytoscape.org
http://apps.cytoscape.org
https://neo4j.com
https://signor.uniroma2.it
https://disnor.uniroma2.it


researchers to compensate for these limitations. As an example of the
abundance and potential of these alternative sources, in a recent study
Westergaard extracted and analyzed 15 million English scientific full-
text articles published during the period 1823–2016 [100].

Despite this demonstrated potential, the exploitation of medical
literature is not exempt from limitations. For instance, in the afore-
mentioned study by Westergaard, the team could only access a subset of
the Medline articles in full-text mode, while for the rest only the ab-
stracts were available. In addition, depending on the source, they had to
process documents with different structures and format. The use of
open and structured sources such as Wikipedia has recently been pro-
posed as an alternative [101]. Noise is also an important limiting factor
when integrating new sources to enhance the predictive capacity of
disease networks [102]. Adding new sources does not necessarily imply
an improvement, since some databases are more informative than
others. For example, Žitnik et al. evaluated the impact of removing
sources in the performance of the proposed model to validate their
informativeness. They observed that while the absence of some sources
significantly affected the performance, in other case the impact was
minimum [4]. It is therefore necessary to counteract this effect by

choosing algorithms which can weigh the relevance and confidence of
various sources of information (either within a single dataset, or across
datasets) and discard those irrelevant before constructing the model
[49].

Validation is yet another challenge in the studies based on disease
networks. In some cases, the absence of a gold standard leads to the use
of previous studies for the validation of the new models [28,83], which
might result in the propagation of errors from one study to another. The
use of curated sources and of sufficiently contrasted studies helps to
partially alleviate this problem [49,74]. Nevertheless, in the case of
drug repositioning, the validation of a drug's ability to treat another
disease ultimately requires in-vitro and in-vivo validations.

Related with the challenge of validation, the difficulty in accessing
data from some studies prevents their reproducibility and verification
by other teams, which makes them less reliable as references for future
studies or as benchmarks. However, the effort of some researchers in
making available the results of their work is worth to mention. Study
cases such as Hetionet, Rephetio, SIGNOR and DisNOR [46,47,96,97],
which offer advanced search and visualization tools, undoubtedly re-
present the path to follow.

Fig. 5. Hetionet Neo4j browser displaying semantic disease-gene associations for Crohn’s disease in an intearctive way. Retrieved from https://neo4j.het.io/browser.
Copyright: 2015 Himmelstein, Baranzini. This is an open access project distributed under the terms of the Creative Commons Universal License.

Fig. 6. DISNOR signaling network browser showing an interactive graph for a protein related with Breast Cancer. Retrieved from https://disnor.uniroma2.it.
Copyright: 2018, SIGNOR. This is an open access project distributed under the terms of the Creative Commons Attribution-ShareAlike 4.0 International License.
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The review of the process of creating a disease network from the
point of view of a data science pipeline carried out in the second part of
the document allows to compare how each study has faced these
challenges. Supplementary Table 5 lists some of the most notable stu-
dies related to disease networks of the last decade, breaking down each
of its phases. It also contains information on the type of problem ad-
dressed and the characteristics of the obtained network. This table
could be considered an extension/update of the one compiled by Sun K.
et al. [41].

6. Open questions and future lines of research

As a result of the systematized review of the literature on disease
network reconstruction carried out in Sections 2 and 3, and based on
the previous discussion, we present in this section some of the open
questions in this area of research and propose future lines of work to
address them.

6.1. Source integration

Given the upwards trend to integrate new sources for the con-
struction of more complete disease networks, a question that arises is
what sources remain to be added?. In the case of biological sources, for
example, while Supplementary Table 1 contains some of the most
commonly used genomic, metabolomic, proteomic, transcriptomic and
phenomic resources, there are dozens of other 'omics' to explore [103],
such as cytomics (cellular systems) or microbiomics (microbiota).

Further open questions related to the integration of sources have to
do with the mechanisms used for their exploitation. Again,
Supplementary Tables 1–3 contain information about the form of access
provided by each source, but are there other services or alternative tools?
Their compilation and comparative analysis would allow completing
the quick reference guide provided by these tables.

Source integration often involves mapping identifiers of diseases,
genes or drugs, for example. Supplementary Table 4 includes some of
the sources commonly used for this purpose. However, the process is
still tedious and prone to errors. Are there tools that facilitate or even
automate this task? Research on the available solutions and the eventual
development of a tool for this purpose are considered as possible lines
of work.

Finally, as previously explained, the aggregation of sources to im-
prove the completeness of disease networks has the introduction of
noise as a collateral effect. How can this effect be avoided? In the study,
some works addressing this problem have been presented, but given its
importance, a more detailed research is required.

6.2. Methodology

Throughout our study, we reviewed the methods to build and
analyze disease networks proposed by researchers over time.
Supplementary Table 5 outlines some of these studies. However, our
analysis does not answer questions such as what measure of similarity is
more convenient in each case? or what network analysis methods allow
better results in detecting disease similarities or repositioning drugs?
Therefore, a comparative study of the methodology of construction and
analysis of disease networks would be a very valuable contribution to
this field. Such study requires the use of a usefulness metric, or at least
of a way of comparing similar results; yet, this is still not available, as
discussed below.

6.3. Validation

The difficulty in validating the results of studies based on disease
networks has been highlighted in previous sections. Given the variety of
objectives (e.g. novel understanding, new drug applications), what cri-
teria should be used in each case to determine if a network is correct?

Moreover, while expert validation - as well as in vitro and in vivo tests -
are still essential, the access to reliable sources or gold standards facil-
itates “in silico” analysis prior to these costly tests. What are the “gold
standards” available for each type of studie? A compilation of these re-
sources classified by study objective would be enormously useful in
conducting new studies.

6.4. Visualization

One of the main advantages of the use of biological networks in the
improvement of our disease understanding is their intuitiveness. While
the graphic visualization of the disease network is just another form of
representation (not to be confused with the network itself), it facilitates
its interpretation. However, as described in Section 4.4, the lack of a
standard leads to different studies and different tools generating dif-
ferent visualizations, which may bias this interpretation. The lines of
work in this area should be oriented to answer the questions What rules
can be proposed to alleviate these problems when representing disease net-
works graphically? Could a standard be proposed?

7. Conclusion

Research studies on based disease networks have significantly ad-
vanced over the last decade. From the initial simple undirected net-
works that associated diseases with symptoms or genes in a way, we
have moved to complex networks that relate the disease to dozens of
features from different sources in a semantic, directional and weighted
way. The growing availability of biological and textual sources, the
improvement in techniques and processing capacity and the use of new
models have contributed fundamentally to this progress. As can be
concluded from the analysis in the first part of the document, the
contribution of disease networks to fields of disease understanding and
drug repositioning is increasingly notable.

Nevertheless, an exhaustive analysis of the phases in the process of
creating disease networks carried out in the second half of the docu-
ment reveals important challenges. First, biological sources suffer from
fragmentation, heterogeneity, lack of availability and different con-
ceptualization, that can only be alleviated in part with the aggregation
of textual sources. Second, the combination of sources involves the
introduction of noise that can affect the performance of the model,
which makes it necessary to take preventive measures in this regard.
Finally, the scarcity of reference data and verifiable studies hinders the
validation of the new models.

In addition to detecting these challenges, the analysis of disease
networks from the point of view of their functional units allows for a
more precise comparison of studies, highlighting their differences and
common points. This study and the presented analyses, reflected in the
summary tables, can serve to inspire future work. On one hand, a
performance comparison of the prediction models across the different
studies might lead to deduce which functional units offer better results.
On the other hand, the analysis of these units can facilitate the detec-
tion of unexploited sources or methods and explore them as alter-
natives. In a next phase, based on the obtained results, alternative
combinations of these functional units could be proposed to build new
pipelines and obtain more precise models based on disease networks.
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Supplementary Table 1. Biological data sources  

 

Data Source Type URL Description Access 1 API2 

NCBI Databases Various https://www.ncbi.nlm.nih.gov The National Center for Biotechnology Information (NCBI) advances science and 

health by providing access to biomedical and genomic information. Major 

biological databases include GenBank for DNA sequences, RefSeq for reference 

sequences and PheGenI for Phenotype-Genotype integration, among others. 

Free 

 

Yes3 

KEGG Pathway 

Database 

Various http://www.genome.jp/kegg The Kyoto Encyclopedia of Genes and Genome (KEGG) is a database resource for 

understanding high-level functions and utilities of the biological system, such as 

the cell, the organism and the ecosystem, from genomic and molecular-level 

information. 

Free Yes 

ArrayExpress Genomic https://www.ebi.ac.uk/arrayexpr

ess/browse.html 

Functional Genomics Data from high-throughput functional genomics 

experiments. It is part of the European Bioinformatics Institute4 (EMBL-EBI) and 

the ELIXIR infrastructure5. 

Free Yes 

MetaCyc Biological 

Pathways 

https://metacyc.org Curated database of experimentally elucidated metabolic pathways from all 

domains of life. MetaCyc contains pathways involved in both primary and 

secondary metabolism. MetaCyc is part of the BioCyc database collection6.  

Free7 Yes 

 

 
1 To resouces, online search, downloads and/or API, least for academic purposes. Databases with a Creative Commons License type are marked with CC. For 

commercial use, please refer to licensing details on the Databse URL. 
2 The database provides a consumible API for extensive use, via tools and/or web services. See details on database URL. 
3 Entrez: API key required (as of May 1, 2018) to reach a request rate up to 10 per second. See https://www.ncbi.nlm.nih.gov/books/NBK25500. 
4 https://www.ebi.ac.uk/ 
5 https://www.elixir-europe.org/ 
6 https://biocyc.org 
7 Access via BioCyc web services require paid subscription, but MetaCyc search online and downloads are free access. 



WikiPathways Biological 

Pathways 

http://www.wikipathways.org A database maintained by and for the scientific community dedicated to the 

curation of biological pathways. 

Free (CC) Yes 

Reactome Biological 

Pathways 

http://reactome.org An open-source, open access, manually curated and peer-reviewed pathway 

database. 

Free (CC) Yes 

BioGRID  PPI https://thebiogrid.org Biological General Repository for Interaction Dataset with data compiled through 

comprehensive curation efforts. 

Free Yes 

STRING PPI https://string-db.org A database of known and predicted protein-protein interactions. STRING is part of 

the ELIXIR infrastructure. 

Free (CC) Yes 

UniProt Protein 

sequence 

http://www.uniprot.org A database of protein sequence and functional information, many entries being 

derived from genome sequencing projects. It contains a large amount of 

information about the biological function of proteins derived from the research 

literature. It is part of the European Bioinformatics Institute (EMBL-EBI) and the 

ELIXIR infrastructure. 

Free (CC) Yes 

Human Protein 

Atlas 

Protein / 

Anatomy / 

Phenotype 

http://www.proteinatlas.org Contains information for a large majority of all human protein-coding genes 

regarding the expression and localization of the corresponding proteins based on 

both RNA and protein data. It is part of the ELIXIR infrastructure. 

Free (CC) No8 

CMAP Gene 

expression 

https://portals.broadinstitute.org

/cmap 

The Connectivity Map is a collection of genome-wide transcriptional expression 

data from cultured human cells treated with bioactive small molecules and simple 

pattern-matching algorithms that together enable the discovery of functional 

connections between drugs, genes and diseases through the transitory feature of 

common gene-expression change 

Free Yes9 

 
8 Data is accessible via downloads. A programmatic access to filter downloadable data is provided. https://www.proteinatlas.org/about/help/dataaccess 
9 Clue API Key required for unlimited use. https://clue.io/api 



JASPAR Gene 

expression 

http://jaspar.genereg.net The high-quality transcription factor binding profile database (JASPAR) 

(regulatory). 

Free (CC) Yes 

Expression Atlas Gene 

expression 

https://www.ebi.ac.uk/gxa/home An open science resource with information about gene and protein expression 

across species. It is part of the European Bioinformatics Institute (EMBL-EBI) and 

the ELIXIR infrastructure. 

Free (CC) No10 

DisGeNET Gene / 

Phenotype 

http://www.disgenet.org One of the largest publicly available collections of genes and variants associated to 

human diseases. It is part of the ELIXIR infrastructure. 

Free (CC) Yes11 

OMIM Gene / 

Phenotype 

http://www.omim.org A comprehensive, authoritative compendium of human genes and genetic 

phenotypes. OMIM is currently biocurated at the McKusick-Nathans Institute of 

Genetic Medicine, The Johns Hopkins University School of Medicine. 

Free Yes12 

 

 

 

  

 
10 Tools for R available, but data must be downloaded first. 
11 API-like access through SPARQL endpoint http://rdf.disgenet.org/sparql/ 
12 Registration is required. https://omim.org/api 



Supplementary Table 2. Drug data sources  

 

Data Source Type URL Description Access API 

FDA Databases Various https://www.fda.gov/Drugs/Infor

mationOnDrugs 

Information about FDA-approved brand name and generic prescription and 

over-the-counter human drugs and biological therapeutic products.  

Free Yes13 

PubChem Compound https://pubchem.ncbi.nlm.nih.go

v 

A database of chemical molecules and their activities against biological assays. 

The system is maintained by the National Center for Biotechnology Information 

(NCBI), a component of the National Library of Medicine, which is part of the 

United States National Institutes of Health (NIH). 

Free Yes14 

DrugBank  Phenotype http://www.drugbank.ca This database combines detailed drug (i.e. chemical, pharmacological and 

pharmaceutical) data with comprehensive drug target (i.e. sequence, structure, 

and pathway) information.  

Free (CC) Yes15 

Orphanet Phenotype http://www.orphadata.org A unique resource, gathering and improving knowledge on rare diseases so as 

to improve the diagnosis, care and treatment of patients with rare diseases. The 

Orphanet Rare Disease ontology (ORDO) provides a structured vocabulary for 

rare diseases capturing relationships between diseases, genes and other 

relevant features. 

Free (CC) No16 

SIDER Phenotype http://sideeffects.embl.de Contains information on marketed medicines and their recorded adverse drug 

reactions. The information is extracted from public documents and package 

inserts. The available information includes side effect frequency, drug and side 

Free (CC) No17 

 
13 Open FDA Access Key is needed to get the maximum rate of requests per minute. https://open.fda.gov/apis/authentication/ 
14 Limited to 5 requests per second. https://pubchemdocs.ncbi.nlm.nih.gov/pug-rest 
15 A paid subscription is required to access the API. Data is available through online search and downloads. 
16 Downloads available. SPARQL endpoint available to consume the ontology. 
17 Data are available via online search and downloads 



effect classifications as well as links to further information, for example drug–

target relations. 

PharmaGKB Gene / 

Phenotype 

http://www.pharmgkb.org Pharmacogenomics knowledge resource that encompasses clinical information 

including dosing guidelines and drug labels, potentially clinically actionable 

gene-drug associations and genotype-phenotype relationships 

Free (CC) Yes18 

ChEMBL Compound https://www.ebi.ac.uk/chembl Database of bioactive drug-like small molecules, it contains 2-D structures, 

calculated properties and abstracted bioactivities.  It is part of the European 

Bioinformatics Institute (EMBL-EBI) and the ELIXIR infrastructure. 

Free Yes 

Drug 

Repurposing 

Hub 

Compound https://clue.io/repurposing Contains extensive curated annotations for each drug, including details about 

commercial sources of all compounds 

Free Yes19 

 

  

 
18 Beta version. Limited to 2 requests per second. https://api.pharmgkb.org/ 
19 Clue API Key required for unlimited use. https://clue.io/api 



Supplementary Table 3. Medical textual sources  

 

Data Source Type URL Description Access API 

PubMed/PMC Journals https://www.nlm.ni

h.gov/bsd/pmresou

rces.html 

PubMed contains more than 28 million medical journal citations from MEDLINE indexed 

journals and NCI Bookshelf. These citations may have links to full-text articles or 

manuscripts in PMC (PubMed Central).  

Free Yes20 

MedlinePlus Medical 

Encyclopedia 

https://medlineplus

.gov 

Provides encyclopedic information on health and drug issues, and provides a directory of 

medical services. The service provides curated consumer health information in English and 

Spanish. 

Free Yes 

ClinicalTrials Clinical Trials http://www.clinicalt

rials.gov 

A database of privately and publicly funded clinical studies conducted around the world. It 

is a resource provided by the U.S. National Library of Medicine. 

Free No21 

Europe PMC Journals / Clinical 

Trials 

http://europepmc.o

rg 

Provides access to worldwide life sciences articles, books, patents and clinical guidelines. 

Europe PMC provides links to relevant records in databases such as Uniprot, European 

Nucleotide Archive (ENA), Protein Data Bank Europe (PDBE) and BioStudie. It is part of the 

ELIXIR infrastructure. 

Free Yes 

GWAS Catalog GWAS Studies https://www.ebi.ac.

uk/gwas/ 

The NHGRI-EBI Catalog of published genome-wide association studies. Eligible studies are 

curated within 1-2 months of publication, dependent on the availability of literature, and 

the data is released on a weekly cycle 

Free Yes 

 

  

 
20 Entrez: API key required (as of May 1, 2018) to reach a request rate up to 10 per second. See https://www.ncbi.nlm.nih.gov/books/NBK25500. 
21 Not strictly an API. The combination of Advanced Search query building and results download provides intensive data access. 



Table 4. Mapping sources  

 

Data Source Type URL Description Access API 

MeSH Medical Thesaurus https://www.ncbi.nl

m.nih.gov/mesh 

Medical Subject Headings (MeSH) is the NLM controlled vocabulary thesaurus used for 

indexing articles for PubMed. It is also used by ClinicalTrials.gov registry to classify which 

diseases are studied by trials. 

Free Yes22 

SNOMED CT Medical Thesaurus http://www.snomed

.org/snomed-ct 

Systematized Nomenclature of Medicine Clinical Terms (SNOMED CT) is a comprehensive 

and precise clinical health terminology product. 

Licensed23 Yes 

UMLS Medical Thesaurus https://www.nlm.ni

h.gov/research/umls

/ 

Unified Medical Language System (UMLS) integrates and distributes key terminology, 

classification and coding standards, and associated resources to promote creation of more 

effective and interoperable biomedical information systems and services, including 

electronic health records  

Licensed24 Yes 

ICD-CM Disease Codes http://www.who.int

/classifications/icd 

International Classification of Diseases (ICD) is the classification used to code and classify 

mortality data from death certificates. ICD-Clinical Modification (CM) is used to code and 

classify morbidity data from the inpatient and outpatient records, physician offices, and 

most National Center for Health Statistics (NCHS) surveys. 

Free Yes25 

HGNC Gene Codes https://www.genen

ames.org/ 

HGNC is responsible for approving unique symbols and names for human loci, including 

protein coding genes, ncRNA genes and pseudogenes, to allow unambiguous scientific 

communication. 

Free Yes 

 
22 API-like access through the SPARQL endpoint. https://hhs.github.io/meshrdf/sparql-and-uri-requests 
23 Free license for member countries. See other fee exemptions: https://www.snomed.org/snomed-ct/get-snomed-ct 
24 Free license available under certain conditions. https://uts.nlm.nih.gov//license.html 
25 Provided by NLM Clinical Tables Search Service: https://clinicaltables.nlm.nih.gov/apidoc/icd10cm/v3/doc.html 



DO Disease Ontology https://bioportal.bio

ontology.org/ontolo

gies/DOID 

The Disease Ontology (DO) provides the biomedical community with consistent, reusable 

and sustainable descriptions of human disease terms, phenotype characteristics and related 

medical vocabulary disease concepts. The DO semantically integrates disease and medical 

vocabularies through extensive cross mapping of DO terms to MeSH, ICD, NCI’s thesaurus, 

SNOMED and OMIM. 

Free (CC) Yes 

PO Phenotype Ontology https://hpo.jax.org/

app/ 

The Human Phenotype Ontology (HPO) provides a standardized vocabulary of phenotypic 

abnormalities encountered in human disease. The HPO is currently being developed using 

the medical literature, Orphanet, DECIPHER, and OMIM.  

Free Yes26 

GO Gene Ontology http://www.geneon

tology.org 

The Gene Ontology (GO) provides a computational representation of our evolving 

knowledge of how genes encode biological functions at the molecular, cellular and tissue 

system levels. GO terms are organised in three domains: cellular component, molecular 

function and biological process. 

Free (CC) Yes 

Uberon Anatomy Ontology http://uberon.githu

b.io/ 

An integrated cross-species ontology covering anatomical structures in animals. See the 

about page for more info, or read the Uberon paper in Genome Biology 

Free Yes27 

 

 

  

 
26 SPARQL endpoint available at http://www.orphadata.org/cgi-bin/inc/sparql_hoom.inc.php 
27 SPARQL endopoint available: http://sparql.hegroup.org/sparql 



Supplementary Table 5. Studies on disease networks  

 

Author. Study (year) Addressed 

problem 

Sources Methods Validation Network facts Access/ 

Visualization 

Mathur et al. Finding 

disease similarity based on 

implicit semantic similarity 

(2012) 

Disease 

similarity 

OMIM, SwissProt, 

GeneRif 

Similarity of disease gene 

and processes (Jaccard 

based) 

Comparison with previous studies 

using KEGG data 

1,477 disease-disease linked by 

GO process 

Validation data 

set and results 

available as 

supplementary 

material28.  

Zhou et al. Human 

symptoms–disease 

network (2014) 

Disease 

similarity 

PubMed, OMIM, 

PharmaGKB, 

BioGrid 

Similarity of disease 

symptoms (Cosine 

based) 

Manual validation. 

Overlapping of predicted 

similarities with HPO 

HSDN with 147,978 connections 

between 4,219 diseases and 

322 symptoms.  

Results available 

as supplementary 

material in the 

article29. Network 

analysis and 

visualization with 

Gephi. 

Sun et al. Predicting 

disease associations via 

biological network analysis 

(2014) 

Disease 

similarity 

BioGrid, 

OMIM, CTD, 

HuGeNet 

 

Similarity of disease 

genes and PPIs (Jaccard 

based).  

Disease gene topology. 

Correlation of similarity scores with 

ICD-9 groups, comorbidity from 

HuDiNet and GWAS associations. 

Manual confirmation with medical 

literature. 

Disease-disease associations 

predicted for 543 diseases. 

 

 
28 https://ars.els-cdn.com/content/image/1-s2.0-S1532046411002073-mmc1.doc 
29 https://www.nature.com/articles/ncomms5212#s1  



Hoehndorf et al. Analysis 

of the human diseasome 

using phenotype similarity 

between common, 

genetic, and infectious 

diseases (2015) 

Disease 

similarity 

and drug 

repurposing. 

PubMed Similarity of disease 

phenotypes (Jaccard 

based). 

Correlation of predicted disease 

clusters and top-level DO groups. 

Comparison against models of the 

Mouse Genome Informatics 

database and gene-disease 

associations from OMIM.  

Drug-disease associations validated 

with data from SIDER.  

5,030 disease nodes and 65,795 

disease-disease association 

edges. 

Results and 

visualization 

available online30. 

Garcia-Albornoz et al. 

Finding directionality and 

gene-disease predictions 

in disease associations 

(2015) 

Disease 

similarity 

OMIM, KEGG Mapping of disease 

codes to OMIM and 

KEGG data to obtain 

directional disease-gene-

pathway associations 

using the level-of-

inclusion. 

Correlation of predicted 

associations with ICD-10 

categories. 

880 diseases with 3,430 

disease-disease gene-based 

associations and 112,956 

disease-disease pathway-based 

associations. 

Top-rated gene 

disease pairs 

available as 

additional info in 

the article. 

Cytoscape used 

for network 

analysis31. 

Paik et al. Integrating 

Clinical Phenotype and 

Gene Expression Data to 

Prioritize Novel Drug Uses 

(2016) 

Drug 

repurposing 

SIDER2, DrugBank, 

CMap 

Similarity of drug-

phenotype indications 

and drug-gene 

expressions and (Cosine 

based) 

Comparison of results with 

previous studies. 

Two bipartite networks: Drug-

phenotype network with 1,631 

drug nodes, 1,587 phenotype 

nodes and 72,848 edges.  

Drug-gene expression network 

with 756 drugs, 8,101 gene 

nodes and 17,000 edges. 

Results available 

as supporting 

information of 

the article32. 

 
30 http://aber-owl.net/aber-owl/diseasephenotypes 
31 https://static-content.springer.com/esm/art%3A10.1186%2Fs12918-015-0184-9/MediaObjects/12918_2015_184_MOESM1_ESM.xlsx 
32 https://ascpt.onlinelibrary.wiley.com/doi/full/10.1002/psp4.12108 



Himmelstein et al. 

Systematic integration of 

biomedical knowledge 

prioritizes 

drugs for repurposing 

(2016)  

Drug 

repurposing 

DrugBank, 

SIDER, 

DrugCentral, 

Gene, 

WikiPathways, 

Reactome, 

UniChem, ChEMBL, 

PharmacotherapyD

B, DisGeNET, 

PubMed, GWAS 

Catalog, among 

others 

Metapath based 

approach with Degree-

Weighted Path Count for 

metapath weighting. 

Machine learning 

techniques to translate 

the network connectivity 

between a compound 

and a disease into a 

probability of treatment.  

Comparison of drug predictions 

with new indications extracted 

from DrugCentral and ClinicalTrials.  

Metagraph with 47,031 

metanodes of 11 types and 

2,250197 metaedges of 24 

types.  

A derived drug-disease bipartite 

network with 136 disease 

nodes, 1,538 drugs and 209,168 

edges. 

Network 

accessible 

online33.  Neo4j 

used for network 

analysis and 

visualization. 

Guney et al. Network-

based in silico drug 

efficacy screening 

(2016) 

Drug 

repurposing 

DrugBank, 

OMIM, GWAS, 

UniProtKB, 

PheneGenI, 

Orphanet 

Mapping of drugs and 

diseases using associated 

genes. Drug-disease 

proximity based on 

shortest-path. 

Comparison with drug-disease 

associations on DailyMed. 

Bipartite disease-drug network 

with 402 drug-disease 

associations between 238 drugs 

and 78 diseases. 

Results available 

as supplementary 

information34.  

Luo et al. A network 

integration approach for 

drug-target interaction 

prediction and 

computational drug 

repositioning from 

heterogeneous 

Drug 

repurposing 

DrugBank, 

HPRD, Comparative 

Toxicogenomics, 

SIDER 

Low-dimensional vector 

representation of 

features and vector 

space projection to 

predict drug-disease 

associations. 

Comparison with known drug-

disease associations and in-vivo 

validation of some of the obtained 

predictions. 

Heterogeneous network with 

12,015 nodes of 4 types and 

1,895,445 edges of six types. 

Data and source 

code available 

online35.  

 

 
33 http://het.io 
34 https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4740350/#S1 
35 https://github.com/luoyunan/DTINet 



information (2017) 

Luo et al. Computational 

Drug Repositioning using 

Low-Rank Matrix 

Approximation and 

Randomized 

Algorithms (2018) 

Drug 

repurposing 

DrugBank, 

OMIM 

Similarity of drug-

chemical structure and 

disease-phenotypes. 

Singular Value 

Thresholding (SVT) 

algorithm to 

complete the drug-

disease adjacency matrix 

with predicted scores for 

unknown drug-disease 

pairs. 

Comparison of drug predictions 

with previous studies, mainly 

Gottlieb et al. (2011). 

Bipartite disease-drug network 

with 593 drugs, 313 diseases 

and 1,933 interactions. 

Drug 

repositioning 

recommendation 

system and data 

available online36. 

 

 

 

 

 

 

 
36 http://bioinformatics.csu.edu.cn/resources/softs/DrugRepositioning/DRRS/index.html 
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Abstract 

Background and Objectives 

The growing integration of healthcare sources is improving our understanding of diseases. Cross-

mapping resources such as UMLS play a very important role in this area, but their coverage is 

still incomplete. With the aim to facilitate the integration and interoperability of biological, 

clinical and literary sources in studies of diseases, we built DisMaNET, a system to cross-map 

terms from disease vocabularies by leveraging the power and intuitiveness of network analysis. 

Methods  

First, we collected and normalized data from 8 disease vocabularies and mapping sources to 

generate our datasets. Next, we built DisMaNET by integrating the generated datasets into a 

Neo4j graph database. Then we exploited the query mechanisms of Neo4j to cross-map disease 

terms of different vocabularies with a relevance score metric and contrasted the results with some 

state-of-the-art solutions. Finally, we made our system publicly available for its exploitation and 

evaluation both through a graphical user interface and REST APIs. 

Results  

DisMaNET contains almost half a million nodes and near nine hundred thousand edges, including 

hierarchical and mapping relationships. Its query capabilities enabled the detection of connections 

between disease vocabularies that are not present in major mapping sources such as UMLS and 

the Disease Ontology, even for rare diseases. Furthermore, DisMaNET was capable of obtaining 

more than 80% of the mappings with UMLS reported in MonDO and DisGeNET. Our tool was 

used successfully to complete the missing mappings in DISNET, a web-based system designed 

to extract knowledge from signs and symptoms retrieved from medical databases. 

Conclusions 

DisMaNET is a powerful, intuitive and publicly available system to cross-map terms from 

different disease vocabularies. Its completeness and the potential of network analysis make it a 

competitive alternative to existing mapping systems. Expansion with new sources, versioning and 

the improvement of the search and scoring algorithms are envisioned as future lines of work. 

Keywords 

Disease vocabularies, data interoperability, disease cross-mapping, graph database, network 

analysis 
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1. Introduction 

The increasing availability of large-scale biological, clinical and literary databases combined with 

the advances in computational methods are contributing to improve our understanding of diseases. 

However, the integration and interoperability of these sources pose a major challenge, particularly 

due to the use of different vocabularies and codifications of diseases [1]. This variety is explained 

because each vocabulary was originally created to meet a specific need. International Statistical 

Classification of Diseases (ICD) codes, for instance, are used by doctors, health insurance 

companies, and public health agencies across the world to represent diagnoses. In contrast, the 

Medical Subject Headings (MeSH) vocabulary is especially employed for the purpose of indexing 

journal articles and books in life sciences. A newer alternative to ICD and MeSH is the 

Systematized Nomenclature of Medicine – Clinical Terms (SNOMED CT). It cross-maps to 

several revisions of ICD and has a considerably broader scope than just diseases. Other widely 

used disease classification systems, although of more specific use, are OMIM (genetic disorders), 

Orphanet (rare diseases) or NCI (carcinogenic diseases) [2–4]. 

For years, disease classifications evolved independently, making their interrelation difficult. 

However, the growing number of disease studies based on the integration of multiple biological 

and literary sources entailed the need to cross-map them. One of the most notable efforts in this 

direction is the Unified Medical Language System (UMLS). Created in 1986 and maintained by 

the National Library of Medicine (NLM), UMLS provides through its Metathesaurus a mapping 

structure of many controlled vocabularies in the biomedical sciences. As a result, numerous 

studies and tools have used UMLS as an authentic Rosetta stone of disease terms. Still, due to the 

disparity of scopes and the granularity of the disease vocabularies, the annotation and mapping of 

UMLS terms is a complex and unfinished task.  

In the last decades, several initiatives have tried to improve and complete disease mappings by 

diverse methods. Already in 1998, a study by Bodenreider et al. proposed to use the semantic 

relationships between concepts to map terms of different vocabularies in UMLS with MeSH [5]. 

A later investigation contemplated the use of drug prescriptions to complete the mapping between 

MeSH and ICD-10-CM terms extracted from the UMLS Metathesaurus [6]. In 2017, Raje et al. 

leveraged the rich set of synonyms provided by the UMLS to identify lexical mappings for those 

concepts in the Disease Ontology (DO) without any mappings to SNOMED CT [7]. More 

recently, the emergence of massive source integration projects has driven the search for solutions 

to unify concepts. One remarkable example is the Monarch Merged Disease Ontology (MonDO), 

created by the Monarch Initiative to integrate multiple human disease resources into a single 

ontology by using a Bayes merging algorithm [8]. In the same line, MalaCards created a human 
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disease database from existing categorization systems and applied a semantic algorithm to 

connect diseases from different sources [9].  

As an alternative to automated mapping techniques, expert-curated sources can be exploited to 

complete disease mappings, avoiding error propagation and the need for additional validation [10, 

11]. The authors applied this approach in a previous research, with the aim of facilitating the 

integration of data extracted from PubMed with other sources [12]. The present study continues 

this line of work, introducing a network-based methodology that allows researchers to cross-map 

disease terms when integrating heterogeneous sources. Network analysis has proven as an 

intuitive and powerful method to extract new knowledge out of previously existing information. 

Over the last decades, network-based methodologies have been applied to discover connections 

among apparently unrelated biomedical entities such as diseases, physiological processes, 

signaling pathways, and genes [1]. Following the same reasoning, our study proposes to apply 

network analysis in the detection of disease term mappings. To illustrate and evaluate this 

methodology, we developed DisMaNET, a network-based tool to cross map disease vocabularies. 

2. Materials and methods 

This section describes the implementation of DisMaNET. First, we give a detailed description of 

the vocabularies and mapping sources used to generate the datasets. Next, we integrate the 

datasets into a graph database and outline the parameters of the resulting disease term network. 

Then we exploit network analysis mechanisms to obtain mappings between disease terms in 

different vocabularies and contrast the results with other mapping projects. Finally, we explain 

how to access DisMaNET. Figure 1 summarizes the process. 
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Figure 1. Block diagram with the implementation of DisMaNET.  

2.1. Data sources 

As a preliminary step to building our mapping tool, we collected data from several disease 

vocabularies. For the sake of comparability with previous results, the 2018 version of the data 

was used, when available. MeSH files were downloaded from NLM1. For descriptors, we 

considered only terms under categories C (Diseases) and F03 (Mental Disorders) [13–15]. To 

facilitate their connection with other vocabularies, we also included MeSH SCR of Class 3 

(diseases). SNOMED CT (United States) 2018 version was downloaded from NLM2. In this case, 

we only considered concepts under the “Clinical Finding” top-level hierarchy. As for ICD-10-

CM, the files containing the 2018 version of the code descriptions for this vocabulary were 

downloaded from the website of the Centers for Medicare & Medicaid Services3. In order to 

extend the set of disease vocabularies used in our previous research, for the present study we 

incorporated the OMIM4 and Orphanet5 as data sources. Both datasets were downloaded in June 

2019. The UMLS Metathesaurus (version 2018AB) was used as the main source of disease code 

mappings. To obtain the UMLS concepts associated as synonyms with the terms of the other 

vocabularies in the study (i.e. share the same unique identifier in the Metathesaurus), we exploited 

the Search REST API of the UMLS Terminology Services6. The map of SNOMED CT and ICD-

 
1 ftp://nlmpubs.nlm.nih.gov/online/mesh/2018/xmlmesh 
2 https://www.nlm.nih.gov/healthit/snomedct/archive.html 
3 https://www.cms.gov/Medicare/Coding/ICD10/2018-ICD-10-CM-and-GEMs.html 
4 https://www.omim.org/downloads 
5 http://www.orphadata.org/cgi-bin/rare_free.html 
6 https://documentation.uts.nlm.nih.gov/rest/home.html 
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10-CM codes (September 2008 version) was downloaded from NLM7. Finally, the concepts of 

the DO, which contain mappings to 24 disease vocabularies, were downloaded from the code 

repository of the project8 (version tag v2018-03-02).  

Of the eight mined sources, four of them contain relationships with other vocabularies: UMLS, 

DO, Orphanet and SNOMED CT. For this reason, throughout the study we will refer to them as 

“mapping sources”. Their mapping information will be helpful to connect the terms across 

different vocabularies. Additionally, in order to relate terms within each vocabulary, we also 

obtained data about their hierarchy, when available. Figure 2 depicts the data sources used in the 

study and the connections among them. Vocabularies and mapping sources provide information 

in different formats, ranging from XML to OBO or CSV. Therefore, in addition to the data 

extraction, as part of the dataset generation we had to standardize the format to CSV. The resulting 

dataset is publicly available in the project repository, where additional information on the data 

structure is provided9.  

 

Figure 2. Data sources used in the study and the connections between them. The arrow indicates the direction of the 
relationship. For example, UMLS contains mappings to the SNOMED CT vocabulary, and SNOMED CT contains 
mappings to ICD-10-CM (via the IHTSDO project). MeSH descriptors point to their parent MeSH descriptor through 
a hierarchical connection. 

2.2. Building DisMaNET 

The next step to build our network-based mapping tool was to integrate the collected data into a 

graph database (GDB). Relationships can be intuitively visualized using GDBs, making them 

 
7 https://www.nlm.nih.gov/research/umls/mapping_projects/snomedct_to_icd10cm.html 
8 https://github.com/DiseaseOntology/HumanDiseaseOntology 
9 https://github.com/dismanet/paper/tree/master/data 
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useful for heavily interconnected data [16]. Additionally, GDBs are often faster than relational 

databases for associative data sets and map more directly to the structure of object-oriented 

applications [17]. To implement our GDB of disease vocabularies we chose Neo4j10 (v3.4.7), an 

open source solution which has been extensively used in network-based studies on diseases [18–

20]. 

For each disease vocabulary, we imported its concepts into Neo4j as nodes, labeled with the 

vocabulary name. Each node contains the name and the ID of the disease, as unique properties. 

The connections between the diseases were imported as relationships with type MAP (for disease 

mappings across different vocabularies) or IS_A (for hierarchical links within the same 

vocabulary). Associations of MeSH descriptors and SCR were represented with the relation type 

HAS_DESCRIPTOR. All the relationships are directional: MAP points from the mapping source 

to the vocabulary term; IS_A, from the descendant to the ancestor; and HAS_DESCRIPTOR, 

from the SCR to the descriptor.  

2.3. Querying DisMaNET  

Once the collected datasets were integrated into the graph database, we leveraged network 

analysis to discover new mappings between diseases. By definition, two terms in DisMaNET are 

directly connected (distance 1) through a MAP type relationship if at least one of them belongs 

to a mapping source that contains this association. Alternatively, two terms that do not belong to 

any mapping sources may be connected with distance 2 through a third term of a mapping source. 

Up to this point, all mappings found through the analysis of our network are known, as there is at 

least one mapping source that contains these associations. However, by increasing the distance 

we can detect further indirect relationships, which involve the connection of two terms through 

two or more additional terms (distance 3 or more). These associations do not exist expressly in 

any mapping source, and therefore constitute new knowledge. Figure 3 illustrates this concept 

with an example.  

 
10 https://neo4j.com/ 
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Figure 3. Finding new mappings of MeSH descriptors by exploring MAP relationships in the network. The distance 
(d) between two nodes connected via MAP relationships is 1 when (at least) one of the concepts belongs to a mapping 
source (e.g. UMLS maps C3837219 “Hoarding Disorder” with MESH D00067836 “Hoarding Disorder); d = 2 when 
two nodes are connected through a mapping source, but they might not belong to a mapping source themselves (e.g. 
the map between MESH and ICD-10-CM F42.3 “Hoarding disorder” is provided by UMLS); d = 3 when two nodes 
are connected through two sources (e.g. MeSH and SNOMED CT 248025009 “Hoarding”). 

We used Cypher11, the graph query language of Neo4j, to find these indirect relationships and fill 

in the gaps in the mapping sources. For instance, the following query retrieves all related MeSH 

and SNOMED CT disease codes and names through a maximum of 3 MAP connections (i.e. 

distance 3), which are not listed in the UMLS mapping source: 

MATCH (origin:MeSH)-[:MAP*1..3]-(target:SNOMEDCT)  
WHERE NOT(origin:MeSH)-[:MAP]-(:UMLS)-[:MAP]-(:SNOMEDCT)  
return distinct(origin.diseaseId), origin.diseaseName, target.diseaseId, target.diseaseName; 

Likewise, to find any mappings between a specific term in a vocabulary with another source 

through the fewest relationships, we used Dijkstra’s Shortest Path algorithm, included in Neo4j. 

For example, the query below returns the connections of the MeSH term "Hoarding Disorder" 

with any concept of SNOMED CT up to a distance of 3, following the path represented in Figure 

3: 

MATCH p=shortestPath((:MeSH{diseaseId:'D000067836'})-[:MAP *1..3]-(:SNOMEDCT))  
RETURN * 

These queries are easily generalizable, by adjusting the maximum distance value and replacing 

the labels of the origin and target vocabularies, and of the mapping source. Section 3 presents the 

results of applying these queries to all mapping sources. 

 
11 https://neo4j.com/developer/cypher/ 



 
 

9 
 

2.4. DisMaNET relevance metric 

As previously stated, our disease cross-mapping approach is based on the aggregation of reliable 

sources and their exploitation through network analysis. While this implies that the mappings 

obtained by querying DisMaNET have a solid base, for their correct assessment we must consider 

certain aspects. First, the main drawback of methods based on minimal paths is that their number 

grows quickly with the size of the system. For large networks, the increase of the number of paths 

leads to a combinatorial explosion [21]. Another network characteristic that may impact the 

quality of our approach is the fact that the strength of an indirect tie in a graph decreases with its 

length [22, 23]. Finally, to evaluate the obtained mappings, we must take into account the disparity 

in size, granularity and purpose of each source.  

In the view of the above considerations, and with the aim of facilitating the assessment of 

DisMaNET results, we propose the following metric to score the relative relevance of a mapping 

between terms a and b: 

𝑠𝑐𝑜𝑟𝑒 =
1

2
𝑠𝑖𝑚 +

1

𝑑
 

In the formula, sim is the cosine similarity of the terms, computed as: 

𝑠𝑖𝑚 =
𝐴 · 𝐵

‖𝐴‖‖𝐵‖
=

∑ 𝐴𝑖𝐵𝑖
𝑁
𝑖=1

∑ 𝐴𝑖
2𝑁

𝑖=1 ∑ 𝐵𝑖
2𝑁

𝑖=1



where A and B are the vector representation of terms a and b, respectively [24]; and d is the 

distance (number of relationships) between the terms. The similarity measures the relevance of 

the relationship at a semantic level, while the inverse of the distance reflects the strength of the 

connection at a network level. Thus, a mapping between two nodes with short distance and high 

similarity will be more relevant in relative terms, compared to other relationships with greater 

distance and/or less similarity. Section 3 compares the mappings obtained with different 

thresholds of the score, while Section 4 addresses the interpretability of this metric with some 

examples.  

2.5. Evaluation 

In order to evaluate the capacity of our system to cross-map disease codes, we measured how 

many of the mappings between UMLS identifiers and other vocabularies in MonDO and 

DisGeNET were obtained through DisMaNET. We downloaded the MonDO ontology (v2019-
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10-25) from the Monarch Initiative repository12. Only 13,043 out of 23,146 concepts in the 

ontology contain an association between an UMLS concept and at one term in DisMaNET. As a 

result, 31,308 mappings between UMLS and other vocabularies in MonDO were used for the 

evaluation. As for DisGeNET, we obtained the file with the mappings of UMLS CUIs to other 

disease vocabularies from the project website (v6.0)13. DisGeNET contains 22,201 unique CUIs, 

but only 17,921 have mappings to at least one vocabulary available in DisMaNET. OMIM 

identifiers starting with MTHU were excluded, as they do not represent exact matches. Overall, 

37,916 mappings between UMLS and other vocabularies in DisGeNET were used for the 

evaluation. Section 3 presents the results of the evaluation. 

2.6. Access to DisMaNET 

DisMaNET is available for use by any researcher under the DISNET14 project. Users must 

previously request a username and password at no cost, to keep a record of usage for statistical 

purposes. Once registered, they can query DisMaNET either via Neo4j’s graphic user interface15, 

or through its transactional HTTP API16. With the aim of abstracting DisMaNET users from the 

knowledge of the Cypher query language, we have developed and deployed a Spring Boot service 

to expose a simplified REST API17. Given a code and the label of its vocabulary in DisMaNET, 

this API returns all the mappings with other vocabularies, sorted by their score in descending 

order. The service leverages Neo4j Java driver18 to query the database using the Shortest Path 

algorithm with MAP and HAS_DESCRIPTOR relationships, only. See the Supplementary 

Material for additional information.  

3. Results 

Table 1 contains the number of nodes and relationships in DisMaNET. In the case of relationships, 

in addition to the total, a distinction is made between those of hierarchical type (IS_A, 

HAS_DESCRIPTOR) and mapping type (MAP).  

 
12 https://github.com/monarch-initiative/mondo 
13 https://www.disgenet.org/downloads 
14 http://disnet.ctb.upm.es 
15 http://disnet.ctb.upm.es/dismanet-neo4j 
16 http://disnet.ctb.upm.es/dismanet-neo4j/db/data/transaction/commit 
17 http://disnet.ctb.upm.es/dismanet-api/mappings/ 
18 https://neo4j.com/developer/java/ 
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Vocabulary Label Nodes Relationships Hierarchical Mapping 

MeSH MeSH 4,903 36,275 23,715 12,560 

MeSH SCR MeSHSCR 6,483 19,971 11,783 8,188 

ICD-10-CM ICD10CM 92,417 322,296 80,428 241,868 

SNOMED CT SNOMEDCT 150,352 607,679 368,746 238,933 

Orphanet ORPHANET 8,246 30,537 7,147 23,390 

OMIM OMIM 8,916 22,293 0 22,293 

UMLS UMLS 207,409 245,751 0 245,751 

DO DO 8,512 36,275 8,702 26,623 

Total 

 

487,238 898,541 488,738 409,803 

Table 1. Nodes and relationships per vocabulary source in DisMaNET. In addition to the total count, the relationships 
are broken down by mapping and hierarchical type. 

3.1. Finding missing mappings with DisMaNET 

Thanks to the completeness of the database and the query capabilities described in Section 2, we 

could quantify the connections between disease vocabularies that are missing in the mapping 

sources.  Table 2 contains the number of unique MeSH descriptors that are not related with terms 

of other vocabularies through the mapping sources. The number of MeSH descriptors not mapped 

with ICD-10-CM and SNOMED CT codes in UMLS coincide with those of the previous study 

[12]. 

Vocabulary UMLS DO Orphanet 

ICD-10-CM 2,458 3,395 4,228 

SNOMED CT 702 2,606 4,903 

OMIM 4,117 4,253 4,497 

Orphanet 4,903 4,697 4,136 
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Table 2. Number of unique MeSH descriptors with missing mappings to the target vocabulary (first column) in each 
mapping source (header). As Orphanet is both a vocabulary and a mapping source, the Orphanet-Orphanet cell contains 
the number of missing MeSH descriptors in this source. 

Table 3 contains the number of unique MeSH descriptors for which new mappings to other 

vocabularies were found through alternative sources, as described in Section 2. Again, these 

results are consistent with those obtained by the equivalent methods in the previous study. 

Additionally, they suggest that it is possible to complete mapping sources with the data extracted 

from others. However, it is noteworthy that the figures are considerably lower when we set a 

relevance threshold of 0.5. We analyze the significance of the score in Section 4.   

 Total score >0.5 

Vocabulary UMLS DO Orphanet UMLS DO Orphanet 

ICD-10-CM 1,663 2,600 3,433 138 696 1,155 

SNOMED CT 134 2,038 4,335 19 1,281 2,907 

OMIM 1,219 1,355 1,599 227 274 400 

Orphanet 1,318 2,378 2,584 126 821 965 

Table 3. Number of unique MeSH descriptors for which new mappings to other vocabularies (first column) were found 
by querying DisMaNET, for a maximum distance of 4 MAP relationships between the MeSH node and the target 
vocabulary node. The vocabulary header refers to the mapping source in which the retrieved mappings are not available.  

3.2. Interpretable cross-mappings of vocabularies 

The previous results provide quantitative evidence of the power of DisMaNET to resolve missing 

mappings. However, in practice what researches need is to find the equivalent concept in a target 

vocabulary for a given concept in an origin vocabulary, with the closest relationship. Additionally, 

for indirect relationships it is essential to understand how they have been established and ensure 

that the result is valid for their investigation. To address this need, we used Neo4j’s Shortest Path 

algorithm as described in Section 2. For example, the following query computes the shortest path 

between the MeSH descriptor D008577 (“Meningeal Neoplasms”) and the ICD-10-CM 

vocabulary with a maximum of two relationships: 

MATCH p=shortestPath((:MeSH{diseaseId:'D008577'})-[:MAP*1..2]-(:ICD10CM)) 
RETURN * 

Figure 4 shows the result of the query in graph mode, when varying the maximum distance 

between 2 and 4. 
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Figure 4. Connections between the Meningeal Neoplasms MeSH descriptor and ICD-10-CM concepts, obtained by 
using the Shortest Path algorithm with a maximum distance (d) of 2, 3 and 4 MAP relationships. Only MAP 
relationships are represented. 

Thanks to the integration of OMIM, Orphanet and MeSH SCR in DisMaNET, we can use the 

same method to map rare diseases across different vocabularies. For instance, the following query 

retrieves the connections between “Osteopetrosis-hypogammaglobulinemia syndrome”, an 

extremely rare primary bone dysplasia encoded in Orphanet as “178389”, and MeSH descriptors 

by using not only MAP, but also HAS_DESCRIPTOR relationships [25]: 

MATCH p=shortestPath((:ORPHANET{diseaseId:'178389'})-
[:MAP|:HAS_DESCRIPTOR*1..3]-(:MeSH))  
RETURN * 

Figure 5 shows the result of the query in graphical mode. Hierarchical IS_A relationships are also 

included for better interpretability. Section 4 describes how these graphs help to interpret the 

results. 
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Figure 5. Connections between the rare disease Osteopetrosis-hypogammaglobulinemia in the Orphanet vocabulary 
and MeSH descriptors, obtained by using the Shortest Path algorithm with a maximum distance of 3 MAP relationships. 

3.3. Evaluation 

Table 4 contains the results of the evaluation of DisMaNET with MonDO. Of the 31,308 

comparable mappings in this source, 27,349 (87.36%) were found by querying DisMaNET using 

the Shortest Path algorithm, as described previously. Filtering the results by their relevance, 

85.17% and 53.88% of the comparable mappings had a score greater than 0.5 and 0.9, 

respectively. These results demonstrate that DisMaNET is capable of solving these mappings with 

a performance comparable to that of MonDO, where a semi-automatic approach is used. In 

addition to the matching mappings, 192,106 connections between UMLS concepts and other 

vocabularies that are not available in MonDO were obtained through DisMaNET. Of these, 

31.58% had a high relevance (score > 0.5) and 0.80% a very high relevance (score > 0.9). For 

instance, MONDO:0005253 (“High output heart failure”) was mapped to the homonymous ICD-

10-CM code I50.83 with score 1.  
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Existing in 

MonDo 

Missing in 

DisMaNET 

MonDO and DisMaNET New in DisMaNET 

Vocabulary 

  

Total s>0.5 s>0.9 Total s>0.5 s>0.9 

DO 7,083 545 

 

6,538 

 

6,498 

 

5,151 

 

12,487 

 

6,264 

 

28 

 

ICD-10-CM 1,121 102 

 

1,019 

 

808 

 

629 

 

10,229 

 

4,794 

 

584 

 

MeSH 6,107 92 

 

6,015 

 

5,967 

 

3,229 

 

47,576 

 

9,619 

 

249 

 

OMIM 6,062 2,339 

 

3,723 

 

3,702 

 

2,256 

 

25,478 

 

18,221 

 

83 

 

Orphanet 4,519 349 

 

4,170 

 

4,049 

 

3,137 

 

25,795 

 

6,710 

 

62 

 

SNOMED CT 6,416 532 

 

5,884 

 

5,643 

 

2,468 

 

70,541 

 

15,064 

 

532 

 

Total 31,308 

 

3,959 

 

27,349 

 

26,667 

 

16,870 

 

192,106 

 

60,672 1,538 

 

Table 4. Number mappings between UMLS concepts in MonDO and other vocabularies (first column) found by 
querying DisMaNET, for different relevance scores (s) 

On the other hand, Table 5 contains the results of the evaluation with DisGeNET. In this case, 

31,036 of the 37,916 comparable mappings in this source (81.86%) were found in DisMaNET. 

Connections with a score higher than 0.5 and 0.9 were found for 65.92% and 31.34% of the 

mappings, respectively. These results are comparable to those obtained by MalaCards [26]. Of 

the 279,932 new mappings between UMLS concepts in DisGeNET and other vocabularies in 

DisMaNET, 34.31% and 2.67% had high or very high relevance, respectively. It is worth 

mentioning that this large result set is due to the fact that mappings for vocabularies not available 

in DisGeNET, such as ICD-10-CM, Orphanet and SNOMED CT, are included. For instance, 

UMLS CUI C0409495 (“Protrusio acetabuli”) was mapped to the homonymous terms in ICD-10-

CM (M24.7) and SNOMED CT (59606006). These results have been shared in the project 

repository19. 

 
19 https://github.com/dismanet/paper/tree/master/results 
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Existing in 

DisGeNET 

Missing in 

DisMaNET 

DisGeNET and DisMaNET New in DisMaNET 

Vocabulary 

  

Total s>0.5 s>0.9 Total s>0.5 s>0.9 

DO 15,675 
 

1,465 
 

14,210 8,227 
 

2,456 
 

13,079 
 

3,313 
 

160 
 

ICD-10-CM N/A N/A N/A N/A N/A 17,369 7,934 1,511 

MeSH 10,064 
 

142 
 

9,922 
 

9,902 
 

5,183 
 

62,980 
 

14,931 
 

8 

OMIM 12,177 5,273 
 

6,904 
 

6,867 
 

4,245 
 

40,689 
 

28,068 
 

36 

Orphanet N/A N/A N/A N/A N/A 34,608 
 

12,299 
 

1,922 

SNOMED CT N/A N/A N/A N/A N/A 111,207 
 

29,494 
 

3,817 

Total 37,916 6,880 
 

31,036 
 

24,996 
 

11,884 
 

279,932 
 

96,039 
 

7,454 
 

Table 5. Number mappings between UMLS concepts in DisGeNET and other vocabularies (first column) found by 
querying DisMaNET, for different relevance scores (s). 

3.4. Contribution to DISNET 

The DISNET database integrates phenotypic and genetic-biological characteristics of diseases 

and information on drugs from several sources [27]. In the case of Wikipedia, one of its textual 

sources, disease articles usually include a list of "Medical Resources" with the codes of disease 

vocabularies associated to the term. However, these resources do not include UMLS codes20, 

making it difficult to integrate this source of phenotypic data with the biological layer in DISNET. 

To address this problem, we used DisMaNET to resolve the mappings missing in DISNET (as of 

January 2020) with UMLS and other vocabularies. The results are shown in Table 6. Mappings 

with the highest scores were contributed to Wikipedia, resulting in 950 disease articles extended 

with new medical resources21. 

  

 
20 https://en.wikipedia.org/wiki/Template:Medical_resources 
21 https://en.wikipedia.org/wiki/Special:Contributions/Eduardo_P._Garc%C3%ADa_del_Valle 
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Existing in DISNET New in DisMaNET 

Vocabulary 

 

Total s>0.5 s>0.9 

DO N/A 5,668 

 

4,163 

 

1,778 

 

ICD-10-CM 4,949 6,055 

 

1,864 

 

95 

 

MeSH 4,179 1,849 

 

794 

 

52 

 

OMIM 2,238 1,503 

 

771 

 

11 

 

Orphanet 977 9,058 

 

3,147 

 

606 

 

SNOMED CT 20 32,377 10,091 742 

UMLS N/A 16,035 

 

11,658 

 

3,051 

 

Total 12,363 72,545 32,488 6,335 

Table 6. Number mappings between DISNET disease codes and other vocabularies (first column) found by querying 
DisMaNET, for different relevance scores (s). 

4. Discussion 

Our disease vocabulary cross-mapping system consists of a complex network with around five 

hundred thousand nodes and approximately nine hundred thousand relationships. However, 

numbers vary significantly between vocabularies, as depicted in Table 1. In the case of MeSH 

descriptors, for example, the number of relationships, especially of hierarchical type, is relatively 

large with respect to the node count. This is due to the fact that the same descriptor is usually 

related to multiple parent descriptors, sometimes within different categories. In contrast, ICD-10-

CM, whose elements have only one ancestor, presents a number of hierarchical relationships very 

close to that of nodes. Further queries to DisMaNET reveal that only 185 disease terms are 

connected through direct MAP type relationships in all 8 vocabularies. If we only consider 

UMLS, SNOMED CT, ICD-10-CM and MeSH, vocabularies, the number of connected concepts 

totals 2,728, which is slightly higher than in MalaCards [26]. 

The completeness of the database and the power of network analysis enabled us not only to 

quantify the number of MeSH descriptors which are not mapped with terms of other vocabularies 

in the mapping sources (Table 2), but also to solve a significant number of these missing mappings 

(Table 3). Orphanet has the largest contribution of new connections between MeSH descriptors 

and other vocabularies, with 81.20% and 88.41% of the missing mappings with ICD-10-CM and 
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SNOMED CT resolved, respectively. The reason is that Orphanet does not contain direct 

relationships with SNOMED CT, and relatively few with ICD-10-CM. If we look at the missing 

mappings between DO and SNOMED CT, 78.20% of them were resolved by applying the same 

techniques. As a result, 75.96% of all the DO terms in DisMaNET are connected to SNOMED 

CT concepts, which is comparable in relative terms to previous studies based on mapping  through 

semantic and hierarchical characterization [7]. The comparison with MonDO and DisGeNET, 

with over 80% of coincidences in both cases, confirms the ability of DisMaNET to cross-map 

codes from different vocabularies with a performance comparable to that of the state of the art.  

Despite these benefits, the extent of the network and the use of algorithms such as Shortest Path 

result in an overwhelming number of cross-mappings. To alleviate this effect and provide a 

quantitative reference of the mapping relevance, we introduced a score metric in Section 2. The 

results in Section 3 show that the ratio of relevant mappings (score > 0.5) ranges from 10% to 

70%. The fact that most of the mappings in DisMaNET validated with MonDO and DisGeNET 

have a high score, demonstrates the validity of this metric to measure the relevance of the results 

and to prevent eventual false positives. Still, this metric is only a first approximation, and it is 

necessary to study more advanced alternatives to improve the reliability of our solution. To 

complement the quantitative assessment provided by the score, result visualization allows 

researchers to understand and validate mappings qualitatively. For example, Figure 4 shows the 

ICD-10-CM concepts associated with the “Meningeal Neoplasms” MeSH descriptor. In 

particular, the mapping with ICD-10-CM code “G03.9” (“Meningitis, unspecified”) has a score 

of 0.125. Although not highly relevant, this relationship is meaningful when we look at the graph. 

Meningitis is typically caused by an infection with microorganisms, but in some cases it may 

occur as the result of several non-infectious causes, such as the spread of cancer to the meninges 

(malignant or neoplastic meningitis) [28].  

DisMaNET has proven to be an effective cross-mapping tool even in the case of rare diseases, 

which often present additional difficulties. On the one hand, rare disease databases such as OMIM 

and Orphanet represent different perspectives of diseases, and as a result they are inconsistently 

cross-referenced [29, 30]. On the other hand, generic vocabularies have very limited coverage of 

this type of diseases, posing a major problem for health insurance reimbursement and research. 

Figure 5 shows the connections between the “Osteopetrosis-hypogammaglobulinemia” term in 

Orphanet with MeSH, obtained by querying DisMaNET. Interestingly, there is an indirect 

relationship with the MeSH descriptor “Agammaglobulinemia” through the Supplementary 

Concept Record “Osteopetrosis, Osteoclast-Poor, With Hypogammaglobulinemia”, via 

HAS_DESCRIPTOR. As explained, MeSH SCR are often used to label rare diseases. This 
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example demonstrates the value of introducing more sources in DisMaNET to solve non-direct 

mappings, especially for rare diseases. 

5. Conclusion 

The integration of data from biological, clinical and literary sources enables the study of diseases 

from a more comprehensive and holistic approach. However, the interoperability of these sources, 

particularly of the codes used to identify diseases, poses a major challenge. Despite the 

availability of cross mapping resources such as the Unified Medical Language System or the 

Disease Ontology, their coverage, especially in the case of rare diseases, is still insufficient. To 

address this problem, we built DisMaNET, a network-based system to cross-map terms from 

disease vocabularies in an intuitive and efficient way. Thanks to its completeness and the power 

of network analysis, our system is able to detect and solve a significant number of the mappings 

missing in the most commonly used resources, even for rare diseases. The study compares 

DisMaNET with other resources such as MonDO and DisGeNET, demonstrating that our tool is 

capable of obtaining more than 80% of their mappings. A relevance score and the possibility of 

visually analyzing the obtained mappings facilitate the understanding and validation of the results. 

DisMaNET and the datasets used to build it are publicly available for their exploitation and 

evaluation. 

Given the continuous publication of new versions of the disease vocabularies, the update and 

versioning of DisMaNET is one of the next challenges to face. On the other hand, the exploitation 

of alternative network analysis algorithms to find disease mappings, the design of a more 

advanced relevance score and the integration of new data sources, such as NCI or GRAD, are 

envisioned as future lines of work. Finally, it is necessary to investigate and evaluate alternatives 

for the network algorithms and the relevance score, in order to improve the precision of the 

system.  
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DisMaNET User Guide 

DisMaNET Graphic User Interface 

1. Access to the service in http://disnet.ctb.upm.es/dismanet-neo4j/  

2. If login is required, use any of the following user:password combinations: 

test1:SFRxMNFuzhG9**** 
test2:qgyemshgv22V**** 
test3:DWLRwfGc4cMg**** 
test4:k86CwrHgUkhN**** 
test5:hb8WLEY6Vq3U**** 

3. To query DisMaNET, enter a valid Cypher query in the text box at the top and click the 

Play button, as depicted in Figure 1. 

 

Figure 1 - Writing a query in DisMaNET 

The main paper document contains some sample queries. For example: 

• Obtaining the MeSH descriptors related to ICD-10-CM concepts through a maximum of 

2 MAP relationships that do not traverse any UMLS node: 

MATCH (m:MeSH)-[:MAP*1..2]-(i:ICD10CM) 
WHERE NOT(m:MeSH)-[:MAP]-(:UMLS)-[:MAP]-(:ICD10CM) 
return distinct(m.diseaseId), m.diseaseName, i.diseaseId, 
i.diseaseName; 

• Computing the shortest path between the MeSH descriptor D008577 (“Meningeal 

Neoplasms”) and the ICD-10-CM vocabulary with a maximum of two relationships: 

MATCH p=shortestPath((:MeSH{diseaseId:'D008577'})-[:MAP*1..2]-
(:ICD10CM)) 
RETURN * 

• Retrieving the connections between “Osteopetrosis-hypogammaglobulinemia syndrome 

encoded in Orphanet as “178389”, and MeSH descriptors by using not only MAP, but 

also HAS_DESCRIPTOR relationships: 
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MATCH p=shortestPath((:ORPHANET{diseaseId:'178389'})-
[:MAP|:HAS_DESCRIPTOR*1..3]-(:MeSH)) 
RETURN * 

IMPORTANT: When building queries with diseaseId or diseaseName, make sure 

the ID or name is wrapped with single quote character. If you are copying the query 

from some text source, make sure the character is pasted correctly before executing 

the query. 

Results obtained in graph mode are interactive. For instance, by clicking on a node its 

details (label, diseaseId, diseaseName) are shown in the bottom bar (Figure 2). 

 

Figure 2 - Interacting with graph results 

 Node relationships can be expanded by clicking on the expand icon. The top-right menu 

options allow users to export the image, pin the result, maximize the view, collapse the 

result panel, reload the view or remove it (Figure 3). 

 

Figure 3 - Result options 

4. To explore the Graph Database, click on the database icon on the upper left corner. The 

Database Information panel will open, as shown in Figure 4. 
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Figure 4 - Database Information Panel 

By clicking on any of the Node Labels, list of nodes (diseases) of that label (vocabulary) 

are displayed. As occurred with graph query results, these nodes can be expanded to 

explore their relationships (See Figure 5). 

 

Figure 5 - Exploring MeSH SCR nodes 

DisMaNET APIs 

As an alternative to the graphic user interface, DisMaNET provides two APIs. 

Neo4j Cypher API 

1. Select any of the user:password combination in the previous section 
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2. Generate a base64 encoding of the user:password pair. 

3. Send a POST request to the endpoint http://disnet.ctb.upm.es/dismanet-

neo4j/db/data/transaction/commit with the cypher query as the body and the following 

header:value pairs: 

• Content-Type: application/json 

• Authorization: Basic <base64 encoding of user:password> 

Example: 

curl \ 
-H 'Content-Type:application/json'\ 
-H 'Authorization:Basic dGVzdDE6U0ZSeE1ORnV6aEc5Qmo3YQ==' \ 
-d '{"statements": [{"statement": "MATCH 
p=shortestPath((mesh:Mesh {meshID: 'D000592'})-[:MAP*1..3]-
(snomedct:SNOMEDCT)) RETURN *"}]}' \ 
-X POST http://disnet.ctb.upm.es/dismanet-
neo4j/db/data/transaction/commit 

Simple REST API 

1. Send a GET request to the endpoint http://disnet.ctb.upm.es/dismanet-api/mappings/ 

with the following parameters: 

• resourceId (required): the ID of the origin vocabulary. Accepted values are: 

OMIM, ICD-10, Orphanet, UMLS, MeSH, SNOMED CT, DO. 

• resourceCode (required): the code of the disease in the origin vocabulary. 

• targetResourceId (optional): the ID of the target vocabulary. Accepted values 

are the same as for resourceId, but both values cannot be equal. If not present, 

the mappings to all available vocabularies are returned. 

• maxDistance (optional): the maximum distance between the origin and target 

codes in the graph. Must be between 1 and 3. Default value is 2. 

And a “token” header with a valid API token. For test purposes, the following token can 

be used: 

ywCyPgpjQzvJ6suXzQPHiZeJ8mFgOe9rQ6dFexdx99HtvkSIkUXMWhS8mO2S4f
hg 

Example: 

curl \ 
-H 'token: 
ywCyPgpjQzvJ6suXzQPHiZeJ8mFgOe9rQ6dFexdx99HtvkSIkUXMWhS8mO2S4f
hg' \ 
http://disnet.ctb.upm.es/dismanet-api/ 
resourceId=MeSH&resourceCode=D012587 
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Leveraging network analysis 
to evaluate biomedical named 
entity recognition tools
Eduardo P. García del Valle1*, Gerardo Lagunes García1,2, Lucía Prieto Santamaría2, 
Massimiliano Zanin3, Ernestina Menasalvas Ruiz1,2 & Alejandro Rodríguez‑González1,2

The ever‑growing availability of biomedical text sources has resulted in a boost in clinical studies 
based on their exploitation. Biomedical named‑entity recognition (bio‑NER) techniques have 
evolved remarkably in recent years and their application in research is increasingly successful. Still, 
the disparity of tools and the limited available validation resources are barriers preventing a wider 
diffusion, especially within clinical practice. We here propose the use of omics data and network 
analysis as an alternative for the assessment of bio‑NER tools. Specifically, our method introduces 
quality criteria based on edge overlap and community detection. The application of these criteria to 
four bio‑NER solutions yielded comparable results to strategies based on annotated corpora, without 
suffering from their limitations. Our approach can constitute a guide both for the selection of the best 
bio‑NER tool given a specific task, and for the creation and validation of novel approaches.

Huge volumes of digital textual content are generated every day in biomedical research and practice, including 
scientific papers, electronic medical records (EMRs), and physician notes. These sources contain information 
about new discoveries and new insights, providing valuable knowledge for medical applications such as dis-
ease–disease relationships or drug repositioning. However, medical texts consist mainly of unstructured, free-
form textual content that requires manual curation and analysis performed by domain  experts1. Since the manual 
curation and management of such large corpora are infeasible, over the last decades biomedical researchers have 
relied on natural language processing (NLP) methods and techniques to facilitate their use. Biomedical named 
entity recognition (bio-NER) is a form of NLP that identifies and categorizes biomedical terms in unstructured 
biomedical documents. Gene, protein, drug or disease are some common named entity classes considered in 
biomedical  domain2. In recent years, bio-NER systems have been successfully used in a diverse set of applica-
tions such as bio-medical literature  mining3,4, customer care, community websites or personal information 
 management5.

Notwithstanding these achievements, the application of NER in the clinical domain still presents many 
challenges. Compared to the general NLP domain, determining the right boundaries of clinical named enti-
ties is a difficult task, since they are often multi-token terms with nested structures that include other entities 
inside them. In addition, the biomedical literature does not follow strict naming conventions. Instead, there 
are usually several ways to mention the same named entity and the use of symbols, digits and abbreviations is 
very common. This variability makes it difficult for matching-based unsupervised methods to work well in the 
clinical  domain6. As a result, early bio-NER systems such as  cTAKES7 or  MetaMap8, which worked by matching 
text phrases with handcrafted dictionaries and rules, have been replaced or combined with supervised methods 
that learn to extract and categorize clinical terms from existing data. Thus, machine learning and hybrid based 
solutions like  CLAMP9 and Bio-BERT10 have achieved state-of-the-art results in the field of bio-NER, although 
they heavily rely on annotated datasets to train and validate their models.

Over the last decade, several annotated corpora have been developed, including both manually annotated 
(known as gold standards) and automated or semi-automated annotated collections (silver standards)11–14. These 
corpora contain texts, extracted mainly from scientific articles and medical records, and their corresponding 
annotated named entities (e.g., diseases, body parts, treatments)15. Still, their availability is limited due to two 
main factors. First, annotating corpora manually is laborious and expensive, particularly so in the clinical domain 
in which medical expertise is required. Second, the access and exploitation of the source texts is often restricted 
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by licensing terms and data privacy regulations, such as the Health Insurance Portability and Accountability Act 
(HIPAA)1,14. As a consequence, the available datasets are old (for instance, NCBI was last revised in August 27, 
2013), require registration (as is the case of i2b2 dataset, now housed in the Department of Biomedical Infor-
matics at Harvard Medical School) and/or force to obtain a human subject training certificate (e.g., for ShARe/
CLEF, currently hosted by the MIT Lab for Computational Physiology).

As an alternative to the use of annotated datasets in the development of bio-NER tools, in this study we present 
a method based on the exploitation of omics data and network analysis. On the one hand, the increasing avail-
ability of omics data, such as genomic, proteomic, transcriptomic or metabolomic, resulting from improvements 
in the acquisition of molecular biology, represents an unprecedented resource for clinical researchers. Big data 
originating from biology are complemented with chemical and pharmacological data published by laboratories 
and regulatory  agencies16. On the other hand, the emerging field of network medicine offers the tools of network 
science for interconnecting these data and discovering new insight about how diseases operate at the molecular 
level and how they are related to each other. Major projects such as  DisGeNET17 and  Hetionet18 have exploited 
this approach to obtain vast complex networks that enable researchers to formulate novel hypothesis on drug 
therapeutic action and drug adverse effects, and predict disease gene associations, among other  applications19.

Previous studies have built phenotypic disease networks out of the named entities extracted from medical 
texts using bio-NER tools, and compared them with omics-based  networks20,21. The results showed a very signifi-
cant overlap between both types of networks, proving that shared terms (symptoms) indicate shared genes and 
proteins, for instance. Additionally, it was observed that disease networks obtained from medical texts tended 
to form clear, highly interconnected communities, which coincided significantly with the disease categories of 
classifications systems such as the disease ontology (DO) and the medical subject headings (MeSH)22,23. Given 
these precedents, our hypothesis is that the accuracy of a bio-NER tool can be measured by building a disease 
network from the extracted entities and calculating both its overlapping with omics networks and the coincidence 
of its communities with the categories of disease classification systems.

To test our hypothesis, we selected four bio-NER tools based on unsupervised  (MetaMap8 and MetaMap 
 Lite24), supervised  (CLAMP25) and hybrid  (BERN26) methods. First, we used each tool to extract medical terms 
from a dataset of Wikipedia and Mayo Clinic disease articles, and obtained their associated phenotypic disease 
networks by computing the similarity of the terms vector extracted for each disease. Second, we used the same 
approach to build omics disease networks from public available data sources (see Supplementary Table S6) and 
analyzed their overlapping with each phenotypic network. Third, we applied network analysis techniques to 
obtain the disease communities of the phenotypic networks and evaluated their coincidence with the top-level 
categories in MeSH, DO and International Classification of Diseases (ICD-10-CM). Finally, we compared the 
results to find the best performing tool and contrasted the outcome with classical evaluation approaches. Figure 1 
illustrates the experimental design, which is thoroughly described in the “Methods” section.

Our study confirmed that the tools with highest accuracy when evaluated with annotated corpora generally 
rank first according to our method. In other words, we proved that our method performs similarly to strategies 
based on annotated corpora, without suffering from their limitations. We also demonstrated both the extensibility 

Figure 1.  Experimental Design. (a) First, data are extracted from textual and omics sources; (b) next, networks 
are generated from the extracted data, and their main characteristics are analysed and compared; (c) finally, 
network-based criteria are applied to evaluate the accuracy of the bio-NER tool, and the results are compared 
with existing evaluations based on annotated corpora; (d) same method is applied to DISNET’s bio-NER system; 
and (e) the reference set is extended with pharmacologic data.
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of this approach, by including the comparison with disease–disease networks obtained from pharmacological 
data, and its application to the evaluation of an alternative bio-NER tool.

Results
Characterization of disease networks. Table  1 lists the main characteristics of both the phenotypic 
disease networks generated from the terms extracted with the bio-NER tools, and the reference disease networks 
obtained from genomic, proteomic and pharmacological data, as described in the “Methods” section. Figure 2 
provides a visual representation of the results. In the case of phenotypic networks, while they present a similar 
number of nodes (ranging from 5054 to 6042), there is a significant variation in the number of edges (12,499 
for BERN versus 595,110 for MetaMap Lite). While this implies that the tools are capable of extracting terms 
for approximately the same number of diseases, we found that the number of terms extracted per disease (and 
therefore, the connections between them) differs. For example, for Larsen Syndrome, BERN extracts 20 terms, 
compared to 42 for MetaMap. The density values, which range between 0.008 and 0.033, reflect this disparity 
and coincide with those of other phenotypic disease networks obtained from medical text  mining27. For their 
part, the reference networks have a lower number of nodes, covering in the best case only 39.38% of the total 
diseases in the Wikipedia and Mayo Clinic article dataset (see “Methods” section), compared to a maximum of 
84.01% for the phenotypic networks. This indicates a concentration of omics data on a limited set of diseases, 
while textual data cover a broader set. The density of the reference networks is also lower, with values around 
0.005. Previous studies confirmed the low density of biological networks, arguing that they are generally sparsely 
connected, since this confers an evolutionary advantage for preserving  robustness28.

As shown in Fig. 2a, the modularity of the reference networks is greater than in the networks obtained from 
texts. This denotes a greater tendency of omics networks to form communities, although the range of values 
obtained in the phenotypic networks (around 0.5) can also be considered as relatively high. Among them, the net-
work associated with BERN presents the highest modularity. In contrast, the transitivity values of the phenotypic 
networks are generally higher than in the reference networks (see Supplementary Table S1 for more details). This 
suggests that, even though phenotypic networks have less tendency to cluster in communities, their communi-
ties are more densely connected internally, compared to biological networks. In the literature, networks with a 
0.3 transitivity are considered highly  transitive29. Our results show that the network associated with MetaMap 
Lite with negation detection presents the highest transitivity. Figure 2b displays the log–log plot of the degree 
complementary cumulative distribution function (CCDF) of the networks. For the phenotypic networks, their 
CCDFs show a less abrupt fall than those of the reference networks, especially genomics and proteomics. This 

Table 1.  Characteristics of the extracted networks. Calculations of the transitivity, including the results of the 
normality tests, are available in the Supplementary Materials (see Supplementary Table S1).

Network Nodes Edges Density Modularity Transitivity (normalized z-score) Assortativity

Genomic 1725 8,208 0.0055 0.783 0.013 − 0.042

Proteomic 713 1,169 0.0046 0.961 0.000 0.356

Pharmacologic 2832 21,817 0.0054 0.712 0.030 0.041

MetaMap 5903 411,282 0.0236 0.481 0.379 0.067

MetaMap (negation) 5900 386,967 0.0222 0.497 0.351 0.070

MetaMap Lite 6042 595,110 0.0326 0.540 0.745 0.230

MetaMap Lite (negation) 5872 585,465 0.0339 0.564 1.000 0.409

CLAMP 5676 171,382 0.0106 0.454 0.256 0.273

CLAMP (negation) 5627 144,936 0.0091 0.468 0.227 0.289

BERN 5683 124,999 0.0077 0.572 0.241 0.368

DISNET 5054 184,274 0.0144 0.505 0.416 0.610

Table 2.  Bio-NER tools used in the study. MetaMap, MetaMap Lite and CLAMP provide configurable 
assertion detection (i.e., negation), hence the two performance values in the i2b2 2010 dataset.

Bio-NER Tool Description

Performance (F1 Score)

i2b2 2010 SemEval 2014 NCBI disease

MetaMap An open-source software program developed by the NLM for finding UMLS concepts in 
biomedical text using dictionary lookup 0.37, 0.38 (negation) 0.469 0.641

MetaMap Lite A lightweight implementation of MetaMap, meant for applications that emphasize process-
ing speed and ease of use 0.38, 0.45 (negation) 0.645 0.725

CLAMP
A clinical NLP toolkit that provides state-of-the-art NLP components and a user-friendly 
graphic user interface to build customized NLP pipelines. CLAMP uses various technolo-
gies, including machine learning-based methods and rule-based methods

0.857, 0.9398 (negation) 0.632 –

BERN (with Bio-BERT)
A neural biomedical named entity recognition and multi-type normalization tool. BERN 
uses the Bio-BERT NER models to tag genes/proteins, diseases, drugs/chemicals, and 
species

0.865 0.779 0.8936
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indicates that the maximum degree in phenotypic networks is much higher than in biological networks, which 
is due to a greater interconnection of diseases through their symptoms, than through their associated genes or 
proteins. In other words, symptom-based connections are less specific than those based on genes or  proteins30,31. 
Our results also show that phenotypic networks tend to be assortative, meaning that disease hubs tend to con-
nect with each other. This property is also observed in social networks, for  example32. In contrast, proteomic and 
genomic networks have low or negative assortativity, since their nodes tend to link to nodes with fewer interaction 
partners rather than to other hubs. Protein interaction networks and neural networks are documented examples 
of disassortative  networks32. This confirms the greater specificity of biological bonds compared to phenotypic 
ones, previously observed with the degree distribution.

The pharmacological network, added in this study as an example of extension of the reference networks, pre-
sents mixed characteristics. On the one hand, its density, modularity and transitivity are similar to those of the 
omics networks. On the other hand, its topology (degree distribution and assortativity) is closer to phenotypic 
networks. This reflects that pharmacology is derived from both phenotypic and biological disease knowledge.

Overlap of phenotypic and biological networks. Supplementary Table S2 lists the number of com-
mon nodes (diseases) and edges between each phenotypic network associated with a bio-NER tool, and the 
reference networks, as well as the z-scores obtained when comparing the values with those expected at random, 
and the p values corresponding to the Shapiro–Wilk test (see “Methods” section). Phenotypic networks share 
a similar number of nodes with reference networks. For example, the network associated with MetaMap Lite 
has 1506 nodes in common with the genomic network (87.30%), compared to 1470 (85.22%) of CLAMP and 
1487 (86.21%) of BERN. This result was expected since, as presented in the previous section, the networks 
obtained from bio-NER tools have a similar number of nodes. In the same way, given that they have an uneven 
number of links, it was also expected that the number of overlapping links would be different, as reflected in the 
results. Thus, while MetaMap Lite shares 759 links with the genomic network (9.25%), MetaMap only shares 
437 (5.32%). In all cases, the z-score, which indicates the significance of this overlap with respect to the random 
case, is higher for the phenotypic network associated with BERN. CLAMP performs second best, followed by 
MetaMap Lite and MetaMap. Only in the case of MetaMap Lite, the network obtained with negation detection 
presents a clearly superior performance than without this function.

Supplementary Table S3 contains the results for the overlap of the phenotypic networks with all the reference 
networks simultaneously. In this case the number of shared nodes and links is drastically reduced. Only around 
340 diseases in phenotypic networks are present in the genomic, proteomic and pharmacological networks, 
and the number of overlapping edges ranges from 18 to 33. The z-score confirms the ranking obtained when 
using the reference networks separately, which suggests that the type of reference network used to measure the 
overlap with the phenotypic networks has little influence. Taking into account this result and that the size of the 
combined network would limit the validation of bio-NER to a reduced set of diseases, we discarded this test in 
favor of the overlapping with individual omics networks.

Coincidence of communities in phenotypic network with disease categories. Supplementary 
Table S4 shows the number of communities obtained with the Louvain method for each phenotypic network 
(see “Methods” section), as well as their ratio of coincidence with the top-level categories in MeSH, DO and 
ICD-10-CM, the z-scores computed by comparing the values with those obtained for random networks, and 

Figure 2.  Comparison of network characteristics. (a) Location of the analysed networks in the normalized 
transitivity versus modularity plane. The size and the color of the bubbles represent the density and assortativity 
of the networks, respectively; (b) log–log plot of the degree CCDF of the networks.
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corresponding p-values of the Shapiro–Wilk test. The evaluation of bio-NER tools assessed with this method 
is generally consistent across disease classification systems, and also with that obtained by measuring the edge 
overlap with the reference networks.

Figure 3 shows the percentage of diseases classified in the 10 largest top-level categories of DO (Fig. 3a), 
MeSH (Fig. 3b) and ICD-10-CM (Fig. 3c), for the best performer (BERN) and worst performer (MetaMap), 
as a result of the previous analysis. For reference, it also displays the actual percentage of diseases that belong 
to those categories in each classification system. E.g., out of a total of 2501 diseases in the dataset mapped to 
a DO concept, 402 (16.07%) have the category DO 863 (diseases of the nervous system). We observe that the 
communities of the phenotypic networks present a similar degree of coincidence for the equivalent categories 
in the different classification systems. In the case of BERN, we find greater coincidences in the categories MeSH 
C04, DO 162 and ICD-10-CM C00-D49 (neoplasms/cancer); MeSH C05, DO 17 and ICD-10-CM M00-M99 
(diseases of musculoskeletal system); and MeSH C14, DO 1287 and ICD-10-CM I00-I99 (cardiovascular dis-
eases/diseases of circulatory system). For its part, MetaMap presents greater coincidences in MeSH C10, DO 
863 and ICD-10-CM G00-G99 (diseases of the nervous system). This suggests that bio-NER tools are capable 
of extracting terms, and ultimately relationships between diseases, consistently with classifications of diseases, 
as described in the  literature22, 23.

Comparison with gold‑standard based evaluation. The spider web chart in Fig. 4a summarizes visu-
ally the results of the tests described in the previous sections. The network associated with BERN performs best 
both in the overlap with the reference networks and in the coincidence of its communities with the disease 
categories. Overall, the two CLAMP variations (with and without negation detection) have the second-best 
performance. Only in the overlap with the pharmacological network, the results of MetaMap Lite (with and 
without negation) are similar to those of CLAMP. MetaMap obtains comparatively the worst results, except in 
the coincidence of communities with MeSH categories, where MetaMap Lite performs worse.

In order to compare the global results of both tests, Fig. 4b represents their normalized mean values. Accord-
ing to our proposed evaluation of bio-NER tools, the better the results in the tests (that is, the further up and 
right in the chart), the greater the accuracy of the tool. To validate our approach, we contrasted our evaluation 
results with those obtained through traditional methods based on annotated corpora. In Fig. 3b, the area of the 
bubble represents the normalized mean F-1 value of the tool (see Table 2). We observe that there is a notable 
correlation between the position and the size of the plots, with BERN outperforming the other tools, CLAMP 
ranking second, followed by MetaMap Lite and MetaMap.

Our assessment coincides even for the variations within the same tool. Both MetaMap and MetaMap Lite 
perform better when negation detection is enabled. Only for CLAMP, we observed a difference with respect to 
the F-1-based ranking. Its accuracy is higher with negation detection, according to the evaluation performed 
with the i2b2 dataset (the only data available for this case), but our method gives a slightly greater accuracy to 
the variation without detection.

Figure 3.  Coincidence of network communities with disease categories. The bar plots show the proportion 
of diseases associated with the 10 largest first-level categories in the DO (a), ICD-10-CM (b) and MeSH (c) 
classification systems, compared with the proportion obtained for the best performer (BERN) and worst 
performer (MetaMap).
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Application to DISNET. To test the application of our evaluation method to an alternative bio-NER tool, 
we performed the same tests with DISNET’s text extraction system, which is built on top of MetaMap with 
an additional dictionary-based validation of terms. The tables and figures in the previous sections include the 
results for this tool. According to our evaluation, the accuracy of DISNET’s bio-NER is higher than that of Meta-
Map alone. This was expected, since the validation system eliminates false positives caused by the ambiguity of 
the terms detected by  MetaMap8,33. DISNET has an accuracy comparable to that of MetaMap Lite, but noticeably 
worse than solutions based on more advanced NER methods such as CLAMP or BERN.

Discussion
In this study, we hypothesize that the increasingly available omics data can be used in combination with network 
analysis to evaluate bio-NER tools, as an alternative to traditional methods based on annotated corpora. To 
demonstrate our hypothesis, we first built a dataset of medical texts associated with diseases from public textual 
sources and used 4 bio-NER tools with known F-1 value to extract their clinical terms. Next, by computing the 
pairwise similarity between diseases based on the extracted terms, we generated the disease-disease phenotypic 
network corresponding to each tool. Additionally, we collected publicly available data on disease-gene and 
disease-protein associations to build reference omics networks, following the same method. The analysis of the 
networks, illustrated in Fig. 2, shows that their characteristics coincide with those of other networks generated 
in a similar way, confirming the validity of our process up to this point.

In a first test, we measured the overlapping of the phenotypic network of each bio-NER tool with the omics 
networks. In a second test, we evaluated the coincidence of the communities of the phenotypic networks with 
the top-level categories of various classification systems. The obtained results show that a better performance 
of the bio-NER tool in the network overlapping and community coincidence tests is associated with a greater 
precision of the tool when it is evaluated using gold-standards. Therefore, as proposed in our hypothesis, a met-
ric composed of the results of both network-based tests can replace the F-1 obtained through validation with 
annotated corpora, as illustrated in Fig. 4b.

Since annotated datasets are generally scarce, limited access and outdated, our method offers researchers 
an alternative based on more abundant, accessible and updated omics data. Furthermore, our approach allows 
other sources to easily be incorporated, as we demonstrated when using disease-drug associations. However, 
our solution has some limitations. First, although it makes it possible to clearly differentiate the accuracy of two 
different tools, it is less precise when comparing variations within the same tool, as we observed in the case of 
CLAMP with and without negation detection. Second, using this method requires disease-associated text sets, 
such as the Wikipedia and Mayo Clinic articles used in the study. Clinical texts such as EMRs, where several 
disorders might be discussed simultaneously, are not suitable. Last, our method only measures the accuracy of 
bio-NER tools, without evaluating other important aspects such as their speed or their usability.

To improve the precision of our method, in the case of the overlap with reference networks, we propose the 
exploitation of new sources (e.g., transcriptomics, metabolomics, epigenomics) to build a more complete set of 
reference networks. Regarding the coincidence of the communities with the disease categories, on the one hand 
it is necessary to evaluate whether alternative community detection methods offer better results. And on the 

Figure 4.  Evaluation of the bio-NER accuracy according to the proposed model. (a) Results of the network 
overlapping and community coincidence tests and (b) normalized average results for the two tests, compared 
with the normalized average F-1 score of the bio-NER tools obtained from gold-standard based evaluations.
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other hand, we recommend studying the different hierarchical levels of the classification systems, in order to 
find the most appropriate level for this test. Finally, by extending the study to more bio-NER tools with known 
accuracy (e.g., from NER challenges in this area), it should be possible to determine which reference networks 
or classification systems in particular offer results closer to the reference ones, and favor their use to improve 
the efficiency of our method.

Methods
Experimental design. The goal of our research is to provide an alternative to the use of annotated corpora 
for the evaluation of bio-NER tools. Based on the previous work presented in the introduction, our hypothesis is 
that the accuracy of a bio-NER tool can be assessed through the analysis of the disease network generated from 
the extracted terms, including its overlap with omics networks and the coincidence of its communities with the 
categories of disease classification systems.

Figure 1 describes the experimental design to demonstrate our hypothesis. We first used several bio-NER tools 
to extract disease-term pairs from a dataset of medical articles, and mined omics sources to obtain disease-gene 
and disease-protein pairs (Fig. 1a). Next, we built the phenotypic and reference disease–disease networks out of 
the disease-term pairs and disease-omics pairs, respectively, and analysed their characteristics (Fig. 1b). Finally, 
we evaluated the overlap between the phenotypic and omics networks as well as the coincidence of the pheno-
typic network communities with different disease categorizations, and contrasted the results with the bio-NER 
tool evaluations obtained with annotated datasets (Fig. 1c). Additionally, we demonstrated the applicability of 
our method to the assessment of an alternative bio-NER (Fig. 1d) and its extensibility by expanding the set of 
reference networks with pharmacological data (Fig. 1e).

Bio‑NER tools. In our study, we used four bio-NER tools:  MetaMap8, MetaMap  Lite24,  CLAMP25 and 
 BERN26. We selected these tools based on three aspects: (1) they are publicly available; (2) they use different 
bio-NER approaches (rule-based, dictionary-based, ML and hybrid); and (3) their accuracy has been evalu-
ated against different gold standards. These criteria ensure the reproducibility, generalizability and evaluability 
(respectively) of our method. Table  2 shows a brief description for each tool and its performance evaluated 
against the i2b2  201012, SemEval  201434 and  NCBI11 datasets. For more detailed information on the tools, includ-
ing the version and configuration used in the study, see Supplementary Table S5.

Disease–disease networks from text datasets. For the extraction of medical terms through the bio-
NER tools, we used a dataset consisting of excerpts of 7500 Wikipedia articles and 620 Mayo Clinic articles, 
obtained between 2019 and 2020 as part of the DISNET  project35. Each article is associated with a single disease, 
and there may be more than one article for the same disease. As a whole, the dataset contains texts for 7192 
diseases, with a total of 3,330,001 words and an average of 463.01 words per disease (standard deviation = 56.57). 
We used the Crosswalk Vocabulary API of the Unified Medical Language System (UMLS) to map the diseases by 
their identifiers in different  terminologies36. See Supplementary Table S6 for more details.

We processed the dataset with each bio-NER tool and extracted the named entities associated with every 
disease. Next, we computed the pairwise similarities between diseases expressed as vectors of the extracted terms, 
using the Jaccard  distance37. Finally, we built the disease-disease networks, in which two nodes (diseases) are 
connected with an edge weighted by the similarity of their extracted terms. To limit the size of the networks, only 
pairs with a similarity above the 95th percentile were considered. For the tools that support negation detection 
(MetaMap, MetaMap Lite and CLAMP), we obtained two networks, with and without this option.

Disease–disease networks from biological sources. Data of gene-disease associations were obtained 
from  DisGeNET17. For its part, the implications of proteins in diseases were extracted from  Uniprot38. In order 
to demonstrate the aggregation of new sources to our system, we also incorporated data of disease-drug associa-
tions extracted from the Stanford Network Analysis  Project39. Again, we used UMLS to cross-map the disease 
identifiers in the different sources. As in the case of text-extracted terms, we built the genomic, proteomic and 
pharmacological disease–disease weighted networks from the pairwise similarity of their genes, proteins and 
drugs, respectively. Due to the greater specificity of omics data, the number of obtained pairs was much lower 
than with the text terms, so they were not filtered. See Supplementary Table S6 for more details.

Network characterization. As a previous step to the application of our method in the evaluation of the 
bio-NER tools, we performed an analysis of the characteristics of their associated networks using the NetworkX 
Python  library40.

First, we measured three dimensions of the network structure: density, modularity, and transitivity. The 
network density is defined as the number of existing relationships relative to the possible number. For its part, 
the modularity measures the degree to which the network tends to segregate into relatively independent groups. 
It is computed as the fraction of the edges that fall within the groups, minus the expected fraction if edges were 
distributed at random. Biological networks have a significantly higher modularity compared to random networks, 
which proves their modular  nature41. However, it has been shown that modularity suffers a resolution limit and, 
therefore, it is unable to detect small communities. On the other hand, the transitivity of a network is the rela-
tive proportion of triangles among all connected triads it contains. It can be interpreted as the probability of 
finding a direct connection between two nodes having a common neighbor. In general, high transitivity allows 
obtaining a community structure. However, high transitivity is not a prerequisite to the existence of a strong 
community  structure42.
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Next, we obtained data on the network topology, including the degree distribution and assortativity. The 
degree distribution P(k) of a network is the probability that a randomly chosen node has k connections (or 
neighbours). In most complex networks (including biological networks), the degree distribution is highly asym-
metric due to the presence of a small number of highly connected nodes (hubs)43,44. To compare the degree 
distributions of the networks, we computed the complementary cumulative distribution function (CCDF), also 
known as tail  distribution45. If the resulting plot of one distribution falls above the other, we may conclude that 
the upper one has a heavier tail (i.e., decays slower) than the lower. The assortativity is another measure related 
to the network topology, and indicates the preference for a network’s nodes to attach to others that are similar 
in some way. Thus, a network is called assortative (i.e., its assortativity ranges from 0 to 1) if the vertices with 
higher degree have the tendency to connect with other vertices that also have high degree of connectivity. If the 
vertices with higher degree have the tendency to connect with other vertices with low degree, then the network 
is called disassortative (i.e., the assortativity is between 0 and − 1).

Finally, we compared the results obtained for the phenotypic and reference disease-disease networks with 
each other and with the existing literature.

Network overlapping. For each bio-NER tool, we obtained the edges shared between its associated disease 
network and the reference networks, using NetworkX. Next, we compared the number of observed overlapping 
edges to what would be expected with random networks. The Statistical Analysis section describes the statistical 
methods used in more detail.

Community detection. As explained in the introduction, several studies have reported significant over-
laps between communities in phenotypic networks and disease  categories22,23. To replicate this analysis, we first 
obtained the disease categories of first hierarchical level from the MeSH, ICD-10-CM, and DO classification 
systems. MeSH descriptors were downloaded from the NLM site. Only categories of type C (Diseases) and F03 
(Mental Disorders) were considered. The ICD-10-CM code descriptions were downloaded from the website of 
the Centers for Medicare and Medicaid Services, and concepts of the DO were obtained from the code reposi-
tory of the project. Finally, UMLS and DO mappings were used to associate the categories with the diseases in 
the networks (see Supplementary Table S6).

To detect the communities in the disease networks, we used Louvain’s method, which optimizes modularity as 
the algorithm  progresses46. First, for each disease network associated with a bio-NER tool, we obtained the best 
partition using the Community library from the Python-Louvain Python  package47. Then, for each community 
obtained, we computed its associated disease category in each classification system (i.e., the most frequent among 
its diseases) and the proportion of community members that belonged to that category. The result indicated the 
ratio of coincidence of the network communities with the disease categories. Finally, as in the case of network 
overlaps, we compared the value obtained with that expected at random (see Statistical Analysis).

Comparison with DISNET extraction tool (TVP). The DISNET database integrates phenotypic and 
genetic-biological characteristics of diseases and information on drugs from several expert-curated sources and 
unstructured textual  sources35. Phenotypic data is extracted from Wikipedia, PubMed, and Mayo Clinic texts, 
using MetaMap and a validation system called term validation process (TVP). The TVP aims to eliminate false 
positives detected by MetaMap and increase the precision of the results. It could be thought of as a dictionary-
based extension to MetaMap. Evaluating this extraction mechanism against an annotated dataset shows a per-
formance improvement over MetaMap  alone33. In order to demonstrate the application of our approach to a new 
bio-NER tool, we used the DISNET extraction system to obtain the terms of our dataset and performed the same 
analyses as for the rest of the tools.

Statistical analysis. To evaluate the statistical significance of the network transitivity, the overlap of the 
phenotypic and reference layers, and the coincidence of the network communities with the disease categories, we 
obtained for each bio-NER tool a network with the same number of randomly connected nodes and performed 
the same analysis. We repeated the randomization process 1000 times and recorded the results to obtain a dis-
tribution that served as a null model. We verified the normality of this distribution through the Shapiro–Wilk 
test (i.e., p value > 0.05 implies that it is normal). Finally, we calculated the z-scores of the results observed in the 
original networks with respect to the null model. A higher magnitude of the z-score (either positive or negative) 
indicates a greater statistical significance of the result. When a better comparability of the z-scores was needed, 
we used min–max normalization to scale their range in [0, 1]. The p values of the Shapiro–Wilk normality tests 
and the z-scores are included in the Supplementary Materials.

Data availability
All data needed to evaluate the conclusions in the paper are present in the paper and/or the Supplementary 
Information. The datasets generated during and/or analysed during the current study are available from the 
corresponding author on reasonable request.
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Table S1. Network transitivity. The z-score is that of the transitivity computed for each network, with 

respect to the expected at random. The p-value corresponds to the Shapiro-Wilk normality test of the 

random distribution. 

 

Network Transitivity Z-score p-value (Shapiro-Wilk test) 

Genomic 0.232 573.642 0.074 

Proteomic 0.603 304.219 0.393 

Pharmacologic 0.229 912.840 0.051 

MetaMap 0.277 8,158.019 0.722 

MetaMap (negation) 0.280 7,326.089 0.358 

MetaMap Lite 0.503 17,697.776 0.678 

MetaMap Lite (negation) 0.602 18,666.394 0.974 

CLAMP 0.304 5,657.900 0.993 

CLAMP (negation) 0.314 5,055.710 0.693 

BERN 0.324 4,362.481 0.066 

DISNET 0.543 11,122.057 0.282 
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Table S2. Overlap of phenotypic networks associated with the bio-NER tools and the reference 

networks. The nodes and edges columns contain the number of shared nodes and edges, respectively, 

between each phenotypic and reference network. The z-score is that of the number of shared edges, with 

respect to the expected at random. The p-value corresponds to the Shapiro-Wilk normality test of the 

random distribution. 

 

Network Overlap Nodes Edges Z-Score p-value 

(Shapiro-

Wilk test) 

Metamap Genomic 1,469 437 40.528 0.269 

Proteomic 601 138 43.961 0.052 

Pharmacologic 2,434 739 38.988 0.575 

MetaMap 

(negation) 

Genomic 1,462 407 36.184 0.496 

Proteomic 601 125 38.860 0.051 

Pharmacologic 2,425 677 38.757 0.964 

MetaMap 

Lite 

Genomic 1,506 759 66.136 0.460 

Proteomic 603 141 33.745 0.393 

Pharmacologic 2,425 677 38.757 0.964 

MetaMap 

Lite 

(negation) 

Genomic 1,485 868 77.891 0.420 

Proteomic 602 179 44.447 0.052 

Pharmacologic 2,437 1392 73.136 0.450 

CLAMP Genomic 1,470 502 95.677 0.499 

Proteomic 593 172 79.809 0.086 

Pharmacologic 2,395 664 59.019 0.595 

CLAMP 

(negation) 

Genomic 1,459 404 65.740 0.420 

Proteomic 589 144 66.223 0.050 

Pharmacologic 2,375 548 61.282 0.500 

BERN Genomic 1,487 608 112.594 0.208 

Proteomic 610 189 114.108 0.050 

Pharmacologic 2,420 731 81.595 0.443 

DISNET Genomic 1,391 433 58.032 0.783 

Proteomic 574 126 54.294 0.051 

Pharmacologic 2,355 662 54.679 0.772 
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Table S3. Overlap of phenotypic networks associated to the bio-NER tools and the combined reference 

networks. The nodes and edges columns contain the number of shared nodes and edges, respectively, 

between each phenotypic network and all reference networks combined. The z-score is that of the number 

of shared edges, with respect to the expected at random. The p-value corresponds to the Shapiro-Wilk 

normality test of the random distribution. 

 

Network Nodes Edges Z-score p-value 

(Shapiro-Wilk 

test) 

MetaMap 340 24 22.877 0.971 

MetaMap (negation) 340 23 22.236 0.301 

MetaMap Lite 342 18 17.553 0.990 

MetaMap Lite (negation) 342 27 23.373 0.727 

CLAMP 344 33 48.803 0.435 

CLAMP (negation) 343 30 47.767 0.659 

BERN 347 33 59.002 0.194 

DISNET 328 18 27.379 0.179 
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Table S4. Coincidence of the communities detected in the phenotypic networks and the top-level disease 

categories of MeSH, ICD-10-CM and DO. The ratio column represents the proportion of community 

members that match the expected category. The z-score is that of coincidence ratio, with respect to the 

expected at random. The p-value corresponds to the Shapiro-Wilk normality test of the random 

distribution. 

 

Network Commu-

nities 

Coincidence with 

MeSH top categories 

Coincidence with 

ICD-10-CM top 

categories 

Coincidence with DO 

top categories 

Ratio Z-score p-

value 

(S-W 

test) 

Ratio Z-

score 

p-

value 

(S-W 

test) 

Ratio Z-score p-

value 

(S-W 

test) 

MetaMap 29 0.293 98.849 0.050 0.175 26.068 0.050 0.189 28.782 0.050 

MetaMap 

(negation) 

29 0.305 46.254 0.054 0.190 34.399 0.732 0.184 21.957 0.188 

MetaMap 

Lite 

22 0.273 21.932 0.143 0.158 17.507 0.254 0.196 34.325 0.050 

MetaMap 

Lite 

(negation) 

41 0.249 7.972 0.823 0.155 25.889 0.032 0.208 62.213 0.086 

CLAMP 25 0.364 174.241 0.667 0.275 87.099 0.449 0.252 80.689 0.051 

CLAMP 

(negation) 

23 0.352 73.990 0.051 0.298 87.976 0.198 0.259 77.392 0.050 

BERN 21 0.464 259.626 0.062 0.348 63.778 0.586 0.351 273.470 0.054 

DISNET 9 0.331 43.509 0.070 0.304 63.957 0.050 0.207 29.488 0.883 
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Table S5. Bio-NER tool details. Supplementary information to Table 2. 

 

Bio-NER 

Tools 

Website Access 

requirements 

Version / 

access date 

Configuration Comments 

MetaMap https://meta

map.nlm.nih.

gov 

UMLS 

license 

(Free) 

2018AB -AGpIy+ -J acab, 

anab, comd, cgab, 

dsyn, emod, fndg, 

inpo, mobd, neop, 

patf, sosy, virs, 

bact [--negex] 

Restricted to 

semantic types 

included as 

“problems” in the 

i2b2 challenge (12).  

 

Negex option used 

for negation 

detection. 

MetaMap 

Lite 

https://meta

map.nlm.nih.

gov/MetaMa

pLite.shtml 

UMLS 

license 

(Free) 

2018AB semantictypes: 

[acab, anab, 

comd, cgab, dsyn, 

emod, fndg, inpo, 

mobd, neop, patf, 

sosy, virs, bact] 

 

Restricted to 

semantic types 

included as 

“problems” in the 

i2b2 challenge (12).  

 

Default negation 

detector class. 

(gov.nih.nlm.nls.met

amap.lite.NegEx) 

CLAMP https://clamp

.uth.edu 

Request to 

authors and 

UMLS 

license 

(Free) 

CMD 1.6.1 Default (General 

Clinical Concept 

Extraction) 

Only terms identified 

with semantic type 

“problem” were 

considered.  

BERN 

(with 

BioBERT) 

https://bern.k

orea.ac.kr 

Request to 

authors 

(Free) 

May, 2020 Default Only terms identified 

with object type 

“disease” were 

considered. 
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Table S6. Data sources.  

 

Source Website Access 

requirements 

Version / 

access date 

Data 

Wikipedia https://www.wikipedia.org Free January, 

2020 

Encyclopedic articles 

on diseases. 

Mayo Clinic https://www.mayoclinic.org Free January, 

2020 

Encyclopedic articles 

on diseases. 

DisGeNET https://www.disgenet.org Free v6.0 Disease-gene 

associations. 

UniProt https://www.uniprot.org Free May, 2020 Disease-protein 

associations. 

Stanford 

Network 

Analysis 

Project 

http://snap.stanford.edu Free May, 2020 Disease-drug 

associations. 

DO https://disease-ontology.org Free tag v2018-

03-02 

Disease classification. 

Disease cross-

mapping. 

MeSH https://www.nlm.nih.gov/da

tabases/download/mesh.ht

ml 

Free 2018 Disease classification. 

ICD-10-CM https://www.cms.gov/Medi

care/Coding/ICD10 

Free 2018 Disease classification. 

UMLS https://documentation.uts.nl

m.nih.gov/rest/home.html 

UMLS 

License 

(Free) 

2018AB Disease cross-

mapping. 
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Chapter 1 introduced the motivation and objectives of this doctoral thesis, from which the 

hypotheses were raised. Chapter 2 presented the methodology followed to test the hypotheses 

and Chapter 3 compiled the publications that develop the solutions to validate them. This chapter 

culminates the research, describing the integrated solution that leads from the initial objectives to 

the final contributions. After analyzing the results and drawing conclusions, the future lines of 

work are defined. 

4.1. Research workflow 

To validate the first hypothesis (H.1), the publication "Disease networks and their contribution to 

disease understanding: A review of their evolution, techniques and data sources" (P.I) followed 

a systematic review methodology to explore network-based studies of diseases published in the 

last decade. In addition to analyzing the temporal evolution of methods to build and exploit 

disease networks, the publication extracted the common functional units from the different 

approaches, demonstrating their analogy with a data pipeline. This novel two-dimensional 

analysis and the comprehensive collection of data sources, tools, and methodologies compiled 

from the functional units constitute the first contributions of the thesis (referred to as C.1 and C.2, 

respectively) and cover the initial objective of knowledge acquisition (O.1). Moreover, the 

contributions of the first publication served as a basis to achieve the objective of applying 

network-based analysis of disease similarities to solve real problems in medical research (O.2). 

Specifically, the reported challenges of data source interoperability and bio-NER validation gave 

rise to hypotheses H.2 and H.3, respectively. 

The second publication “DisMaNET: a network-based tool to cross map disease vocabularies” 

(P.II) leverages the sources and tools analyzed in the first publication to address the challenge of 

clinical data interoperability through network-based analysis. The obtained results showed that it 

is possible to combine network and semantic similarities to cross-map terms of the main disease 

vocabularies and classification systems, validating hypothesis H.2. The developed system, called 

4. DISCUSSION AND FUTURE 

WORK 
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DisMaNET, constitutes the main contribution of this publication (C.3). In addition, a number of 

missing mappings in sources such as UMLS or Wikipedia were discovered and published (C.4). 

Finally, the DisMaNET GUI and API were integrated as part of the DISNET framework (C.5) to 

make it publicly available to researchers and other interested parties. 

The third publication “Leveraging network analysis to evaluate biomedical named entity 

recognition tools” (P.III) also builds on the contributions of the first publication to develop a 

network-based alternative for the assessment of bio-NER solutions. When applying our method 

to the evaluation of four different bio-NER tools, the results were similar to those obtained with 

conventional validation techniques, demonstrating the third hypothesis of the thesis (H.3). The 

proposed approach serves as an alternative to the use of scarce gold-standard resources and is the 

main contribution of the publication (C.6). As an additional contribution, the set of reference 

networks used in the study was shared publicly to allow other researchers to reproduce and extend 

our work (C.7). 

Figure 4.1 illustrates the workflow of this thesis by compendium. First, based on our motivation 

and general goal, two specific and measurable objectives were defined. For each objective, one 

or more hypotheses were raised, to be ultimately tested and validated in the publications. The 

results of the research are reflected in a set of contributions that satisfy the initial objectives. As 

explained above, the publications followed a sequential order, so that the contributions of earlier 

work served as a basis for the later. In this way, it was possible to develop research that led to an 

integrated solution to the goal of the thesis, while adapting the scope with the progress made in 

each phase. 
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Figure 4.1 Sequential flow chart of the publications included in this thesis by compendium and their connection with 

the objectives, hypotheses, and contributions. 
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4.2. Analysis of results 

The results of this doctoral thesis can be divided into two blocks, based on the objective to which 

they are oriented. This section analyzes the results of each block in a summarized way, referring 

to tables, images, and supplementary material from the publications P.I - P.III. The reader is 

encouraged to consult the original publications, included in Chapter 3 of this thesis by 

compendium, for complete detail of the results. 

4.2.1. Reviewing data sources and methods in network-based 

biomedical studies 

The first objective of the thesis focused on the study and compilation of sources and methods in 

the area of disease networks, to serve as a reference both in this thesis and in future research. The 

results covering this objective are mainly included in publication P.I. 

Section 3 “Evolution of disease networks and their application to drug repurposing” presents a 

chronological systematic review of the studies on disease networks published in the last decade. 

The analysis is structured around the concept of “Diseasome” introduced by Goh. et al in 2007, 

and its evolution from a bi-partite graph of genes and diseases to a complex heterogeneous 

network formed by all the factors related to diseases. Over the years, researchers have introduced 

sources and tools that have made it possible to complete the Diseasome. Thus, the incorporation 

of textual sources, as a complement to biological sources, entailed at the same time a technical 

challenge and a significant evolution, by incorporating phenotypic aspects of diseases. On the 

other hand, the purpose of the studies also changed over time. While earlier works focused on the 

theoretical analysis of the similarity between diseases, as the Diseasome was completed, 

researchers began to apply network analysis to practical applications such as drug repositioning. 

In contrast, in Section 4 “A data science pipeline to build disease networks”, a systematic review 

of the studies from the point of view of their functional units is carried out. This approach arises 

from the hypothesis that the process of creating and exploiting disease networks can be 

represented as a pipeline, that is, a sequence of stages or functional units that sequentially process 

some input data in order to solve a certain problem. This strategy not only facilitates the 

reproducibility and the comparison among studies, but it also enhances the reusability and the 

recombination of the functional units to build new solutions. In this way, the section covers each 

of the stages of the pipeline, analyzing how the reviewed studies addressed it: data acquisition 

and processing; data integration and modeling; model validation; and network exposure, 

visualization, and interaction. 
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P.I-Supplementary Table 5 summarizes the two-dimensional analysis: rows refer to studies in 

the field of disease networks, sorted by publication date; and columns contain details of their 

scope as well as the solution chosen for each functional unit. For their part, P.I-Supplementary 

Tables 1-3 contain an exhaustive compilation of biological, pharmacological, and textual data 

sources extracted from the reviewed studies, including information relevant to their exploitation, 

such as their licensing and API availability. Finally, P.I-Supplementary Table 4 enumerates 

tools for disease classification and mapping. Due to their practical approach, aimed at facilitating 

work in future research on disease networks, these tables constitute an important contribution of 

the doctoral thesis. 

Finally, based on the surveyed publications, section 6 “Open questions and future lines of 

research” reviews the main challenges in the study of diseases, in general, and in the use of disease 

networks, in particular: the interoperability of data from heterogeneous disease sources; the 

scarcity of resources for the validation of studies in this field; and the lack of standardization in 

the visualization of disease networks.  

4.2.2. Applying network-based analysis of disease similarities to the 

improvement of medical research 

The second objective of the thesis was to apply network-based analysis of disease similarities to 

solve real-world problems in medical research. To this end, the results of the first part of the 

research were taken as a starting point. First, two of the challenges detected in the field of medical 

research were chosen; second, the collected sources and tools were applied to develop novel 

solutions to these challenges; finally, the developed methods were made available to researchers 

for their validation, use and extension. 

4.2.2.1. A network-based tool to cross-map disease vocabularies 

The first problem in medical research addressed from the perspective of disease networks was the 

interoperability of data sources. Specifically, how to relate terms between different disease 

vocabularies and classification systems. Publication P.II contains the results of this work. This 

paper is the continuation of a previous study entitled “Completing Missing MeSH Code Mappings 

in UMLS Through Alternative Expert-Curated Sources”, presented at the IEEE 32nd International 

Symposium on Computer-Based Medical Systems (CBMS). 

First, a network of disease terms was built from the main vocabularies and mapping resources 

listed in P.I-Supplementary Table 4. The specific versions used are described in the 

Supplementary Materials of P.II. Neo4j, also reviewed in P.I, was employed to create the graph 
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database with directional semantic links, in a similar way to studies analyzed as Hetionet. In 

addition to MAP-type relationships (for disease mappings across different vocabularies), other 

hierarchical type relationships such as IS_A and HAS_DESCRIPTOR were included. The 

resulting network, called DisMaNET, contains nearly half a million nodes (disease terms) and 

nearly 900,000 links. P.II-Table 1 displays the number of nodes and relationships for each source, 

broken down by type of relationship. Next, the ability of DisMaNET to resolve mappings between 

disease terms was measured. Applying Neo4j graph queries in DisMaNET, it was possible to 

quantify the number of MeSH descriptors which were not mapped with terms of other 

vocabularies in the mapping sources (see P.II-Table 2) and also to solve a significant number of 

them (P.II-Table 3). For example, in the case of Orphanet 81.20% and 88.41% of the missing 

mappings with ICD-10-CM and SNOMED CT resolved, respectively. 

As discussed in P.I, one of the main obstacles in cross-mapping disease vocabularies is their 

different granularity. For example, DisMaNET contains 4,903 MeSH nodes compared to 150,352 

SNOMED-CT nodes. This implies that a MeSH term may be associated with multiple SNOMED-

CT terms, without necessarily implying a one-to-one map. The proposed approach offers two 

solutions to facilitate the interpretability of the obtained mappings. On the one hand, the graphical 

visualization of Neo4j query results allows researchers to intuitively analyze the connections 

between terms. On the other hand, to reflect the relevance of those connections, the following 

score metric was proposed: 

𝑠𝑐𝑜𝑟𝑒𝑎𝑏 =
1

2
(𝑠𝑖𝑚𝑎𝑏 +

1

𝑑𝑎𝑏
) 

In the formula, sim is the cosine similarity of the terms (a, b), computed as: 

𝑠𝑖𝑚𝑎𝑏 =
𝐴 · 𝐵

‖𝐴‖‖𝐵‖
=

∑ 𝐴𝑖𝐵𝑖
𝑁
𝑖=1

√∑ 𝐴𝑖
2𝑁

𝑖=1 √∑ 𝐵𝑖
2𝑁

𝑖=1

 

A and B are the vector representation of terms a and b, respectively; and d is the distance (number 

of relationships) between them. This metric considers both the network-based similarity (that is, 

a smaller distance between two concepts indicates a greater relevance of their connection) and the 

semantic similarity. P.II-Figure 4 illustrates the interpretability of the results obtained when 

searching for ICD-10-CM concepts associated with the MeSH descriptor “Meningeal 

Neoplasms”. For the sake of convenience, the original figure has been extended by adding the 

relevance scores of each node, and is reproduced in Figure 4.2 A. As expected, the term from the 

less-granular MeSH vocabulary is related to multiple concepts from the more extensive ICD-10-

CM classification system. As the distance between the concepts of the network increases, the 
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relevance of their mapping relationship decreases. For example, the mapping with ICD-10-CM 

code “G03.9” (“Meningitis, unspecified”) has a score of only 0.125. Although given its low 

relevance it cannot be considered a one-to-one mapping, the meaningfulness of the relationship 

can be explored by expanding the connections of the node. As shown in Figure 4.2 B, G03.9 is 

mapped through SNOMED-CT with “Leukemia Meningitis”, which is hierarchically related 

(IS_A relationship) with “Leukemia, disease”. Although Meningitis is typically caused by an 

infection with microorganisms, the medical literature confirms that in some cases it may occur as 

the result of several non-infectious causes, such as the spread of cancer to the meninges 

(malignant or neoplastic meningitis) (Gleissner & Chamberlain, 2006). This power and 

interpretability of DisMaNET is especially useful in the case of rare diseases, as illustrated in 

P.II-Figure 5. 

 

Figure 4.2 A) Connections between the “Meningeal Neoplasms” MeSH descriptor and ICD-10-CM concepts, obtained 

by using the Shortest Path algorithm with a maximum distance (d) of 2, 3 and 4 MAP relationships. Adapted from P.II-

Figure 4, with the relevance score displayed on each node. B) Expansion of the ICD-10-CM concept node “Meningitis, 

unspecified”, including hierarchical relationships. 
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In order to evaluate the capacity of DisMaNET to cross-map disease codes, a comparison with 

MonDO and DisGeNET was carried out. Both projects provide state-of-the-art solutions for 

disease mapping, applying different methods. In particular, the number of mappings between 

UMLS identifiers and other vocabularies in MonDO and DisGeNET obtained through 

DisMaNET was computed. The results collected in P.II-Tables 4 and 5 show a coincidence of 

over 80% between the mappings found by our approach and the reference solutions. 

To facilitate its use by other researchers, both the DisMaNET GUI and API were published under 

the DISNET project. P.II includes as supplementary material a guide with use case examples. In 

addition to this contribution, DisMaNET was exploited to resolve missing mappings in DISNET 

(as of January 2020) with UMLS and other vocabularies. The results are shown in P.II-Table 6. 

Since the majority of DISNET mappings were obtained from Wikipedia, as the last contribution 

of this publication, 950 disease entries in this collaborative online encyclopedia were updated 

with new mappings. 

4.2.2.2. Leveraging network analysis to evaluate biomedical named entity 

recognition tools 

 
To deepen the knowledge and application of network-based similarity analysis, a second 

challenge reported in P.I was addressed: the scarcity of validation resources. Specifically, the 

exploitation of network analysis to validate the performance of biological term extraction tools 

(bio-NER) is proposed, as an alternative to methods based on gold-standard. To ensure the 

generality of the proposed solution, 4 bio-NER based tools of different types were chosen. The 

most relevant aspects of these tools are displayed in P.III-Table 2 and P.III-Supplementary 

Table 5. 

First, each tool was used to process a dataset of disease-associated articles collected from 

Wikipedia and Mayo Clinic by the DISNET project. Next the corresponding disease-disease 

network was obtained, based on the pairwise similarities of the extracted terms. To be used as 

reference, three disease-disease networks were built from out of disease-gene, disease-protein and 

disease-drug association data extracted from public sources. Finally, comparison of network 

characteristics including density, modularity, transitivity, degree distribution and assortativity, 

was carried out. P.III-Figure 2 summarizes the results of the network characterization. In general, 

the observed characteristics, and especially the degree complementary cumulative distribution 

function (CCDF) of each type of network, coincide with those described in previous studies (Díaz-

Santiago et al., 2020; Li et al., 2016). 
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Once the networks were characterized, a two-step methodology was proposed to validate the 

performance of the bio-NER tools. On the one hand, we measured the overlap between the 

phenotypic network associated with each bio-NER tool, and the reference networks. The results, 

including z-scores obtained when comparing the values with those expected at random, and the 

p-values corresponding to the Shapiro–Wilk test, are shown in P.III-Supplementary Table 2. 

On the other hand, using the Louvain method, we obtained the communities of each phenotypic 

network and compared their coincidence with the top-level categories in MeSH, DO and ICD-10-

CM. P.III-Figure 3 and P.III-Supplementary Table 4 display the results. 

When comparing the normalized average results for the two tests with the normalized average 

F1-score of the bio-NER tools obtained from gold-standard based evaluations, a remarkable 

correlation between the two metrics was observed, as illustrated in P.III-Figure 4. Therefore, as 

proposed in our hypothesis, a metric composed of the results of both network-based tests can 

replace the F1 obtained through validation with annotated corpora. Since annotated datasets are 

generally scarce, limited access and outdated, our method offers researchers an alternative based 

on more abundant, accessible, and updated omics data. 

Finally, the proposed solution was applied to evaluate the term extraction system of DISNET, 

which is based on an enhanced version of MetaMap (Rodríguez-González et al., 2015). This 

served not only to verify the validity of our method in an additional tool, but also to explore 

potential alternatives to improve the framework. For the sake of comparability, all figures and 

tables in P.III included the results for DISNET. As expected, its accuracy is higher than that of 

MetaMap alone. However, it is noticeably lower than solutions based on more advanced NER 

methods such as CLAMP or BERN.  

The datasets generated during and/or analyzed during the current study are available from the 

corresponding author on reasonable request. 

4.2.2.3. Other results 

The research carried out in this thesis by compendium produced other results, in addition 

to those included in publications P.I - P.III. Some of the most noteworthy are discussed 

below. For a complete account of the scientific dissemination associated with this thesis, 

see Appendix A. 

In the conference paper “Evaluating Wikipedia as a source of information for disease 

understanding”, presented in the 2018 IEEE 31st International Symposium on Computer-

Based Medical Systems (CBMS), we proposed the use of Wikipedia as an alternative 
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source of structured and free- access text data. To validate this hypothesis, we compared 

the disease similarities computed with data extracted from Wikipedia, with those obtained 

from PubMed. In addition to proving that the relevance of Wikipedia as a source of 

information on diseases is comparable to PubMed, this work contributed to the inclusion 

of PubMed as an additional source for DISNET. 

The conference paper, “A Meta-Path-Based Prediction Method for Disease 

Comorbidities,” published in the 2021 IEEE 34th International Symposium on Computer-

Based Medical Systems (CBMS), described a novel method to predict disease 

comorbidities through the use of meta-paths in a heterogeneous network of diseases and 

symptoms. This research was based on the contributions of the publications included in 

this thesis by compendium: the sources and tools compiled in P.I; the cross-mapping tool 

developed in P.II; and the phenotypic networks constructed for P.III. The obtained 

results showed that the prediction capacity of the proposed model was equivalent to that 

of other studies, with the advantage of being more interpretable and having a better 

complexity-performance ratio. Both the data used, and the obtained prediction model 

were published. 

4.3. Conclusions and future lines of research 

This doctoral thesis by compendium presents an integrated solution to advance in the application 

of network-based analysis of disease similarities in biomedical research. Publications P.I - P.III 

shared this thematic unity and presented a clear methodical progression of the proposed 

techniques and results to achieve the goal of this thesis, presented in Chapter 1: to explore and 

validate the use of heterogeneous networks obtained from omics and textual data in improving 

understanding of diseases, especially in the analysis of their similarities, as well as developing 

systems based on this methodology for application in biomedical research. From this general goal, 

two specific and measurable objectives were derived. As shown Figure 4.1, the research was 

developed sequentially based on these objectives, proposing, and validating the associated 

hypotheses through the publications in the compendium. Thus, far from being isolated elements, 

the publications are part of a single investigation developed in three parts, where the results of 

one serve as the basis for the next. 

Publication P.I addressed the objective of reviewing data sources and methods in network-based 

biomedical research through a systematic review of the studies in this field published in the last 

decade. The results of the publication, summarized in this chapter, demonstrated the potential of 
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network analysis in improving disease understanding and served as the basis for the rest of the 

research. Publications P.II and P.III focused on the second objective of leveraging network-based 

analysis of disease similarities in the improvement of medical research, by applying the acquired 

knowledge to solve two of its challenges. On the one hand, P.II presented DisMaNET, a network-

based system to cross-map disease terms across multiple vocabularies and help researchers in the 

interoperability of heterogeneous sources. On the other hand, P.III described a network-based 

method to validate the accuracy of bio-NER tools, as an alternative to gold-standard based 

validation. In both cases, the results showed that the performance of the proposed network-based 

solutions was comparable to that of state-of-the-art approaches, resolving several of their 

limitations and improving their interpretability. 

In conclusion, the results of this thesis by compendium meet the general goal of the research and 

represent an advance over the state of the art. Additionally, all the contributions, summarized in 

Chapter 1, were made available to other researchers for their use, evaluation, and extension. 

Next, some potential lines of future research are proposed. 

4.3.1. Future work 

The systematic review of disease network studies addressed in publication P.I focused primarily 

on their temporal and functional comparison. The study did not analyze other factors such as the 

performance or cost of each approach, which would be a valuable reference for future research. 

On the other hand, the review only covered studies up to 2017, when work on this publication 

began. Therefore, an update with the most recent research is envisioned as future work. 

In the case of DisMaNET, the network-based tool to cross-map disease vocabularies presented in 

publication P.II, the extension of the database with specialized sources such as NCI or GRAD is 

first proposed, in order to achieve greater coverage and solve more mappings. Second, the analysis 

of alternative network analysis algorithms and relevance metrics could improve the performance 

of the solution. Finally, given the continuous updating of vocabularies and disease classification 

systems, it is necessary to establish a maintenance and versioning procedure for DisMaNET. 

Regarding the network-based method for bio-NER tool validation described in publication P.III, 

the exploitation of new sources, such as transcriptomics, metabolomics and epigenomics, to 

complete the set of reference networks is proposed as future work. Along the same lines, to 

improve the efficiency of the solution, it is necessary to determine which reference networks and 

disease classification systems offer the highest performance in the evaluation of bio-NER tools. 

The study of alternative community detection methods to those presented in this thesis could also 

help to improve the overall solution. Finally, due to time constraints it was not possible to apply 
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the results of the bio-NER tool evaluation to improve DISNET data extraction. Replacing the 

current MetaMap-based solution with one based on a more powerful approach (such as CLAMP 

or bio-BERT) remains a pending task. 
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Figure A.1 Screenshots of the 20 tweets presenting the content of the doctoral thesis in the #HiloTesis contest. 
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