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ABSTRACT
Human genome sequencing and new biological data generation techniques have
provided an opportunity to uncover mechanisms in human disease. Using gene-disease data,
recent research has increasingly shown that many seemingly dissimilar diseases have
similar/common molecular mechanisms. Understanding similarity between diseases aids in
early disease diagnosis and development of new drugs. The growing collection of genefunction and gene-disease data has instituted a need for formal knowledge representation in
order to extract information. Ontologies have been successfully applied to represent such
knowledge, and data mining techniques have been applied on them to extract information.
Informatics methods can be used with ontologies to find similarity between diseases
which can yield insight into how they are caused. This can lead to therapies which can
actually cure diseases rather than merely treating symptoms. Estimating disease similarity
solely on the basis of shared genes can be misleading as variable combinations of genes may
be associated with similar diseases, especially for complex diseases. This deficiency can be
potentially overcome by looking for common or similar biological processes rather than
only explicit gene matches between diseases. The use of semantic similarity between
biological processes to estimate disease similarity could enhance the identification and
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characterization of disease similarity besides indentifying novel biological processes
involved in the diseases. Also, if diseases have similar molecular mechanisms, then drugs
that are currently being used could potentially be used against diseases beyond their original
indication. This can greatly benefit patients with diseases that do not have adequate
therapies especially people with rare diseases. This can also drastically reduce healthcare
costs as development of new drugs is far more expensive than re-using existing ones.
In this research we present functions to measure similarity between terms in an
ontology, and between entities annotated with terms drawn from the ontology, based on both
co-occurrence and information content. The new similarity measure is shown to outperform
existing methods using biological pathways. The similarity measure is then used to estimate
similarity among diseases using the biological processes involved in them and is evaluated
using a manually curated and external datasets with known disease similarities. Further, we
use ontologies to encode diseases, drugs and biological processes and demonstrate a method
that uses a network-based algorithm to combine biological data about diseases with drug
information to find new uses for existing drugs. The effectiveness of the method is
demonstrated by comparing the predicted new disease-drug pairs with existing drug-related
clinical trials.
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CHAPTER 1
INTRODUCTION AND MOTIVATION
1.1 Background

The sequencing of human genome in 2000 [1] established a new frontier by creating
the possibility to understand molecular mechanisms in a comprehensive manner. One of the
essential components for life across all living things is DNA (De-oxy Ribonucleic Acids).
Genes are part of DNA and are believed to be one of the fundamental functional units that
dictate development of all life forms. They vary among different organisms. For example,
Homo sapiens (humans) are believed to have ~18000 genes, Rat ~ 27,000 genes and
Arabidopsis (flowering plant related to mustard) ~ 25,000 genes. Genes form proteins, which
interact among themselves to perform certain functions. Proteins are the functional forms of
genes. We refer readers to Pearson‟s, “What is a Gene?”[2] for a brief overview of genes,
proteins and mutations. Figure 1 gives a simplistic overview of how by transcription and
translation, genes from DNA are converted to proteins.

Figure 1: Genes to Proteins (http://publications.nigms.nih.gov/thenewgenetics/chapter1.html)
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By analogy to computer science, genes can be thought of as the source code and
protein the executable. All empty spaces with comments and source code can be thought as
the DNA. For the benefit of readers without background in biology and to avoid confusion in
terminology, we use genes and proteins interchangeably to imply functional biological units
throughout the manuscript. An individual inherits genes from his/her parents. Incorrect
copying of the gene sequence from parents or distortions (mutations) of the sequence during
the course of life cause aberrant functioning of genes and are associated with many diseases
like cancer, sickle-cell anemia, type 1 diabetes, autism, etc. Many diseases like cancer which
typically have a late onset were initially thought not to have a genetic component but this has
been proven wrong from experimental findings [3]. Thus studying genes and their functions
can greatly enhance understanding of diseases (disease etiology), their progression, which in
turn can help in their effective treatment. Genes organize themselves into modules known as
biological processes or molecular subsystems that perform various functions of the body such
as digestion of food, speech, vision, etc. Since only ~18000 genes in humans organize into
biological processes and perform so many different functions in various parts of the body,
points to the fact that humans are highly complex organisms. Model organisms (organisms
that are easier to work with and do not have ethical issues related to experimentation) such as
Mus Musculus (mouse), Drosophila Melanogaster (fruit flies), Caenorhabditis elegans
(roundworms), Saccharomyces cerevisiae (baker‟s yeast), etc. have been widely studied to
understand the complex sub-systems. Interestingly and usefully most of these systems occur
in humans as well. New technological developments have led to the development of
microarrays [4] and sequencing technologies [5] which are used to query individual genes.
The new technologies are beginning to have a huge impact in understanding of these systems
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and treatment of diseases and have led to the development to specialized fields such as
genomic medicine, personalized medicine, metabolomics, proteomics, etc.
Historically, diseases have been diagnosed from the symptoms displayed by the
patients and were prescribed drugs which treated symptoms leaving the underlying cause
untreated. For example, patients with Alzheimer‟s have varied pathologies like vision
disorders, paralysis, etc and treatments have been devised to ameliorate them instead of
treating the underlying cause, i.e., Alzheimer‟s. Treating merely symptoms often causes sideeffects. With the new knowledge obtained from the genes and biological processes involved in
the diseases, drugs can be developed such that they treat the underlying cause of the disease
without causing harmful side-effects.
1.2 Motivation

A disease is often a result of many interactions between genes affecting multiple
biological processes. Given a disease, if the underlying biological processes are known, it
would be helpful to design drugs that can specifically target genes and/or biological processes
involved in the disease. It has been shown that diseases like obesity and diabetes have a
common denominator in genes and associated biological processes. This information can be
used to develop therapies that not only counter a specific disease but also prevent the
occurrence of related diseases. Given biological data about many diseases, it opens the
exciting prospect of mining this data to find related diseases.
Development of drugs is an expensive process as it involves extensive testing of
compounds among animals and then in humans. It approximately takes up to 10 years and a
billion dollars to develop a new drug. In the past decade, there have been fewer drug
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approvals than in previous ones along with frequent drug recalls. The high cost of new drug
development is partly to blame for this. Given that two diseases share genes and associated
biological processes, if there is an existing drug that is used to treat one of the diseases, then it
could potentially be used to treat the other disease and similar diseases. This re-use of existing
drugs is called drug repositioning or drug repurposing [6]. Drug repositioning can drastically
offset drug development costs and can be extremely beneficial to society as it would be
cheaper besides treating the disease. Patients with orphan diseases (rare diseases for which
drugs have not been developed due to lack of demand) could greatly benefit from drug
repositioning.
Many computer science algorithms have been successfully applied to problems in
biomedical research. Data structures have been used for efficiently storing and processing of
information. One of the landmark developments was the use of structured controlled
vocabularies (ontologies) to represent biomedical knowledge. A simple example is the name
of the fruit, Apple. Besides having synonyms, it is called by different names in different
countries. To avoid any confusion, a standard name is set for the term (in this case apple or the
Latin scientific name) that is to be used by everyone. Similarly, domain knowledge of
biological processes or molecular subsystems has been represented in ontologies such as Gene
Ontology (GO) [7]. Knowledge of diseases and drugs have been encoded into ontologies such
as MeSH, SNOMED-CT [8], Disease Ontology [9], etc. By using informatics methods and
ontologies, relations among genes, biological processes, diseases and drugs can be found. This
can help answer many important research problems like similarity between diseases and
reveal avenues for drug repositioning.

4

1.3 Organization of Dissertation
Chapter 2 introduces the concept of ontologies and their relevance in solving
important biomedical problems along with examples. Chapter 3 illustrates the importance in
finding similarity between terms and extends them to an ontological context. Different
methods to measure similarity between terms are described. In Chapter 4, we describe a new
method to estimate similarity between terms in an ontology. This measure is shown to
outperform existing methods in different scenarios. Chapter 5 describes a method to extract
information from free text literature and annotate it to ontologies. Specifically, diseases and
genes are extracted from biomedical literature and annotated to existing ontologies resulting
in their augmentation. This improves the accuracy of algorithms that use data from ontologies.
In Chapter 6, the ontological similarity measure that was proposed in chapter 3 is used to
estimate similarity between diseases. This is compared against the state of art and is shown to
outperform existing methods. In Chapter 7, ontologies and network analysis methods are used
to find new uses for existing drugs. Some candidate drug repositioning predictions are
presented and discussed. Chapter 8 gives future directions for research.
1.4 Contributions of the Dissertation
The dissertation contributes new methods to the fields of computer science and
biomedical informatics in the following areas.
1. Ontological similarity measure to estimate similarity between terms in an ontology.
2. Evaluation of ontological similarity measures using ontology perturbation.
3. Augmentation of an ontology using information from free text and existing
ontologies.
4. Application of the similarity measure to estimate similarity between diseases using
5

disease-biological process associations.
5. A set of 68 similar disease pairs curated by Dr. Deendayal Dinakarpandian MD,
PhD.
6. Use of ontologies and network analysis methods to find new drug repositioning
candidates.
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CHAPTER 2
ONTOLOGIES IN BIOMEDICAL DOMAIN
2.1 Definition of an Ontology
The term “ontology” has been ambiguous [10] as it has been defined differently by
computer scientists and philosophers. From a computer science perspective, an ontology
defines the concepts, relationships, and other distinctions that are relevant for modeling a
domain [11]. The philosophical definition relates to study of the nature of being, existence or
reality. Formal ontologies are theories that give precise mathematical formulations of the
properties and relations of certain entities. In both cases ontologies can be seen as formal
specifications that apply fundamental principles and formalisms to represent entities in a
knowledge base [12]. In this dissertation, we refer to ontologies as formal explicit description
of the concepts, attributes of the concept and relationships between concepts.
2.2 Need for Ontologies
Many concepts developed in different parts of the world are represented in their own
schema. For example the term “apple” is referenced by multiple names in different countries.
This can create confusion in exchanging knowledge. This is exacerbated in complex domains
such as biological sciences, medicine, computer science, etc. To address this issue,
terminologies or controlled vocabularies were constructed to represent domain knowledge.
This solved the problem of data interchange as the controlled vocabulary provided
comprehensive yet concise definition of terms belonging to a domain. Since there are inherent
relationships between terms of a domain, it was found beneficial to specify relationships
between terms, thus generating an ontology. Hence an ontology is a data structure that consists
of two essential components, controlled vocabulary and relationships between terms in the
7

ontology. The relationship types can include instance-of, part-of, etc. In broader terms, an
ontology of a domain is not a goal in itself, rather it is defining a set of data and their structure
for other programs to use so that problem-solving methods and domain-independent
applications use ontologies as data. For instance as shown in Figure 2, fruits can be classified
into citrus and non-citrus. An apple is an instance of a non-citrus fruit. „Gala‟, ‟Red
Delicious‟, „Black Arkansas are different types (or instances) of apples.

Figure 2: Fruit Ontology

Ontologies enable sharing of data among people or software agents, reuse of domain
knowledge and to analyze and make inferences within or across domains. Another important
use of ontologies is the separation of domain knowledge from operational knowledge thus
helping in combining concepts from disparate domains aiding in interdisciplinary research. In
the context of the research presented, ontologies related to biomedical domain are discussed
henceforth.
8

Since knowledge can be represented in a structured format as in an ontology, it would
be useful to have algorithms parse through the hierarchies to extract information such as
similarity between terms (similarity between apple and other fruits) or similarity among
entities annotated with the ontological terms (matching profiles of individuals with respect to
the fruits they eat). In order for computer algorithms to effectively parse the ontology, it
should be devoid of any cycles. Hence the ontology must be a directed acyclic graph.
2.3 Ontologies in Biomedicine
Some of the important ontologies used in the field of biomedicine are Gene ontology
(GO), UMLS (Unified Medical Language System) [13] and ontologies from NCBO (National
Center of Biomedical Ontologies) [14]. UMLS and NCBO are collections of multiple
ontologies.
2.3.1 Gene Ontology (GO)
The Gene Ontology [7] is structured as a directed acyclic graph, and each term has
defined relationships to one or more other terms in the same domain. It gives the function of
genes and the location of corresponding proteins. It is designed to be species-neutral, and
includes terms applicable to prokaryotes and eukaryotes, single and multicellular organisms.
GO consists of 3 parts: Cellular Component, Molecular Function and Biological Process. The
cellular component gives the location of the cell where the gene product (protein) is active.
Biological Process as defined in chapter 1 is a function carried out by a group of genes.
Molecular function is a function performed by a group of genes and is a subset of a biological
process. It currently (March 2012) has 26526 terms among the 3 components and across 12
species including human, mouse and rat. Figure 3 shows a snapshot of the Gene Ontology in
which the nodes are biological processes connected by different types of edges, „IS-A‟, 'Part9

of' and 'Regulates'.

Figure 3: Snapshot of Gene Ontology (http://www.geneontology.org)

2.3.2 Unified Medical Language System (UMLS)
UMLS [13] consists of over 100 terminologies and approximately a million concepts.
The UMLS model identifies terminological entities at three levels: a string (any name for a
term in a terminology), a lexical group (to which strings of identical or near-identical lexical
structure can be mapped) and a concept (to which strings of identical meaning can be
mapped). Through this model, the UMLS attempts to merge terminologies such that
synonymous terms from different terminologies map to identical concepts, while still retaining
as much of each terminology‟s original information as possible. The concepts are categorized
into 135 semantic types such as 'disease', 'symptom', 'pharmacological substance', etc. These
135 semantic types are in turn associated with each other. Widely used ontologies like
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Medical Subject Headings (MeSH), SNOMED-CT, National Cancer Thesaurus (NCI),
International Classification of Diseases (DO) are part of UMLS.
NCBO [14] is a collection of open biomedical ontologies consisting of 261 ontologies
and 4,895,247

terms. It provides tools for annotating new information with existing

ontologies and querying the ontologies through its web services. Disease ontology [9],
National drug File, SNOMED-CT, etc are part of NCBO. To summarize there is a wealth of
information regarding functions of genes, diseases and drugs. This information can be
leveraged to solve important problems in biomedicine such as understanding disease etiology,
drug discovery, designing therapies tailored to individuals, etc.
2.4 Application of Ontologies to Biomedicine
Ontologies have had a profound effect on Biomedicine (biology underlying diseases
and their treatment). It has aided in understanding of the underlying biology of diseases and
their treatments. By representing domain knowledge of biology and medicine in ontologies,
one can make inferences between terms of the ontologies. Using the popular Gene ontology
(GO) [7], inferences between terms not directly related can be made using their attributes. For
example, from Figure 4, it can be inferred that T-cell mediated cytotoxicity (GO:0001913) and
induction of apoptosis (GO:0012502) are similar to each other as the former is a subclass of
the latter.

11

Figure 4: Snapshot of Gene ontology – Relationship between terms

Also, rhodopsin mediated phototransduction (GO:0009586) and rhodopsin mediated
signaling pathway (GO:0016056) are closely related semantic terms, even though do not share
an edge share all 3 genes annotated by them in the human genome. Similarly, a pair of terms
from different ontologies as shown in figure 5, can be related using the attributes linked to the
terms. The term "muscarinic acetylcholine receptor signaling pathway" (GO:0007213) from
GO can be related to Alzheimer's disease (DOID:10652), which is a concept in Disease
ontology, as they share many genes.
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Figure 5: Terms linked across ontologies (GO and Disease Ontology)

The relationships between terms in an ontology can be quantified using similarity
functions. These in turn can be used in data mining algorithms to infer similarity of complex
entities. For example, clustering algorithms can be used to find similarly regulated genes in a
disease which in turn can be used to find disease associated pathways.
Ontologies aid in development of description logic formalisms such as Resource
Description Framework (RDF) which is used to construct semantic webs of knowledgebases.
Semantic Web [15] is helpful in effective querying of knowledge-bases and knowledge
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discovery [16]. Neuro-commons group [17] has developed semantic web-services that aid in
querying multiple knowledgebases.
Integration of ontologies and application of data mining algorithms can help in
inferring new knowledge. For example, biological process ontology (GO) and disease related
ontologies like SNOMED, GO and Disease Ontology (DO) can be used in revealing disease
mechanisms thus aiding in development of effective treatments.
2.5 Open problems in Ontologies
Although ontologies have been very helpful in knowledge representation and
discovery, there are limitations on the quality of knowledge representation. For example,
consider - “smoking causes cancer.” Smoking and cancer are two entities related with the
relationship “causes.” One interpretation is anyone who smokes will get cancer. Although in
reality, it is understood that smoking causes cancer only in a few cases. Secondly, the
hierarchy of an ontology is often dictated by the classification scheme that is adopted. Thus an
entity belonging to two classes may not be represented effectively. For example, in one
scenario a fruit can be classified as citrus or non-citrus and in another scenario, it could be
classified by the season it is grown

in. This results in distinct ontological

structures/hierarchies. Also, terms that share commutative relationships among them cannot
be represented in ontologies since cycles must be avoided in the graph.
One of the biggest challenges in the biomedical domain is mapping text to ontological
terms, i.e., relating words/terms in text to ontological concepts. Often sentences in English
language are compound, and hence may convey a different meaning. This is complicated by
polysemy. For example, “Protein X is over-expressed in individuals suffering from Asthma,
however it may not show until the subject is at least 15 years old”. Here, a condition occurs in
14

the second half of the sentence and the finding is ambiguous when the subject is < 20 years
old. Extensive work has been done on mapping gene/protein names to ontologies [18], but
few tools exist to map clinical text to ontologies. Although, conditional relationships have to
an extent been modeled in OWL-DL [19], complex temporal and conditional relationships
which exist in clinical text have largely remained out of scope.
Mapping ontologies from different domains remains a challenge as there may be
different contexts in which the hierarchy was constructed. For example, there are multiple
ontologies like ICD, MeSH, NCI, DO and SNOMED-CT that have disease names, each being
devised to address specific criteria. These may have different hierarchical relationships.
Similarity functions have been devised to quantify similarity between a pair of terms
in an ontology and also for entities annotated with ontological terms. Although many of the
measures use the hierarchy to quantify similarity, they succumb to the frailties of
classification. This is further explained in the next chapter.
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CHAPTER 3
METHODS TO COMPUTE ONTOLOGICAL SIMILARITY
3.1 Importance of Similarity Between Ontological Terms
One of the fundamental ways to learn is to compare new observations to existing ones
to find if there are any resemblances. Hence, classification of new entities (objects) that are
observed by individuals is crucial for understanding them. Classification reduces the time
taken for understanding an entity as it can be compared to existing ones and if similar, the
properties of known entities can be extrapolated to the new entity.
We would like to point out that there could be many interpretations of similarity. It
could be used as the distance between a pair of terms, as closeness of a term with the rest (as
in a graph) or relatedness between terms. Here we define „similarity‟ as the relatedness
between a pair of terms. Closeness is the measurement of a term‟s relatedness to other terms
and is not necessarily covered by „similarity‟.The distance between terms is measured as the
correlation coefficient, Mahalanobis distance, etc and is often based on structure or syntax of
the terms in the context of the dissertation.
Entities can be identical, share some of their attributes or not share any of their
attributes at all. Measuring similarity between entities that have a shape or those that can be
reduced to mathematical forms is easier compared to measuring similarity between entities
that may not have a physical shape, such as similarity of meaning between words - also
known as semantic similarity and similarity between functions of genes. For example,
similarity between a pair of words from the English language can be found by looking at the
characters they share (syntactic similarity). Although this is useful, it is not complete since
there could be words that have a similar structure (syntax) but different meanings. For
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example,even though knot” and “knit” share 3 characters, they have very different meanings,
and therefore low similarity. Hence it is important to use the underlying meaning of the words
to measure similarity (semantic similarity) or semantic relatedness.
In biology, gene sequences and protein structures can be used to find similarity by
using sequence alignment algorithms [20] between genes, but there are scenarios in which
genes that have dissimilar sequences may have closely related functions [21]. Although the
structure of a protein is strongly correlated with its function, it is often very difficult to
determine the structure. Hence the function of genes should be used to determine similarity
among them. It is not a trivial task to quantify similarity between functions of genes as it is
seldom that they are reduced mathematical forms.
A formal representation such as ontology (explained in Chapter 2) can be used to
organize functional terms, wherein the edges give the relation between them. When new
entities arise, biologists can compare them to existing ones and place them accordingly. Since
related entities are joined by edges, the similarity between them can be quantified using
mathematical formulations, which is illustrated in subsequent sections of the chapter.
3.2 Importance of Measuring Similarity between Functions of Genes

The similarity of functions between genes if found can have many applications. It can
be used as input in algorithms used in classification of protein families [22], protein structures
[23], etc. If a gene is found to cause a disease, it can be hypothesized that genes sharing or
having a similar function may also be involved in disease etiology. This information can then
be used to construct biological networks, identifying important pathways and genes for which
drugs can be developed. In the computer science domain, semantic similarity can be used in
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expanding and improving the search capabilities of a search engine. This is primarily achieved
by computing similarity of search terms to other terms in an ontology, thus expanding the
query given by the user to retrieve relevant results. This is especially important as a user
rarely uses accurate search terms due to limited knowledge of the domain and the results help
the user to choose appropriate search terms.
In this dissertation, we apply semantic similarity to the Gene Ontology. Gene Ontology
gives the functions of genes (biological processes) and is the most widely used ontology by
biologists and medical experts. In the following sections, we first discuss the broad
classification of methods that have been developed to measure semantic similarity and then
introduce specific methods. Next, we introduce the method that has been developed and
contrast it with existing methods by using biological pathways [24].
3.3 Classification of Similarity Measures
Methods that have been developed or adopted to measure similarity between terms in
an ontology in a biological context can be classified into 3 categories, node-based, edge-based
and hybrid. Node-based methods exclusively use the terms in the ontology to compute
similarity, Edge-based methods use the edges connecting the nodes and hybrid methods use
nodes as well as edges to compute similarity.
3.3.1 Node-Based Measures
Node-based approaches use the properties of the terms involved, their ancestors or
their descendants. Information content, which measures how informative the term is, is
usually used. The information content (IC) is defined as the negative logarithm of probability
of occurrence of the term in a given corpus [25]. There are ~ 15500 genes in Homo sapiens
that are assigned to the GO terms. It should be noted that the genes associated with a term are
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also associated to its ancestors in GO as the relationships shared between parent and child is
often IS-A and occasionally part-of.
IC = - log p,

Eq 1: Information Content (IC)

p is the probability of occurrence of a term in the corpus.
The IC measures the importance of a term and this is based on how commonly the
term is used to annotate genes. For example as shown, in Figure 6, a term like “Metabolic
Process” is annotated to hundreds of genes, so by default there will be some similarity
between most pairs of genes, it should be hence be accorded low importance. In contrast,
“Synaptic Transmission, Dopaminergic” (Figure 6) is annotated with only about 10 genes.
This is a specific function and must have high information content.
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Figure 6: Node-Based Similarity from GeneNav (http://mor.nlm.nih.gov/perl/gennav.pl)

The IC can be extended to measure the similarity of a pair of terms by measuring the
IC in the term that shares genes with both terms, the common ancestor in the hierarchy. The
two main approaches for using IC are, the most informative common ancestor (MICA), in
which only the common ancestor with the highest IC is considered [25]; and the disjoint
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common ancestors (DCA technique), in which all disjoint common ancestors (the common
ancestors that do not subsume any other common ancestor) are considered [26]. One of the
main assumptions in this method is that nodes and edges are uniformly distributed, which is
seldom true in ontologies.
3.3.2 Edge Based Measures
An Edge-based approach uses the edges that connect nodes in the ontology. The
assumption is that the nodes are distributed equally and edges at the same level correspond to
the same semantic distances. A straightforward way to estimate similarity between a pair of
nodes is to count the number of edges between them [27], with a small value representing
fewer edges and hence high similarity. When more than one path exists, e.g., between “cellcell signaling” and “synaptic transmission” in Figure 6, the shortest or the average of all paths
can be taken. Alternatively, the average of path lengths to the common ancestor can also be
used [28]. Also, different weights can be assigned to the type of edge between the nodes can
be used. For example, in GO, IS-A and Part-OF relationships can be given different weights
and the number of edges can be proportionally weighted to find the similarity. The main
assumption in edge-based methods is that the edges of the same type have identical
granularity or level of detail, but this is not the case. As new terms are found, existing edges
are broken and nodes inserted between them.
3.3.3 Hybrid Approach
This approach uses both node-based and edge-based approaches to measure similarity
between terms in the ontology [29]. The information content in the most informative common
ancestor or from common ancestors of a pair of terms is weighted by the type of relationships
involved. Many of the methods use this approach to compensate for the limitations imposed
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by using purely node-based or edge-based methods. One of the main limitations of this
approach is the arbitrary assignment of weights to the edges. Also, as highlighted in the
previous section, the edges may not give a consistent level of detail, which could adversely
impact similarity estimation.
3.4 Similarity Measures for Entities Annotated with Ontological Terms
In this section, we introduce two main approaches that have been used for measuring
similarity between entities that are annotated with ontological terms. For entities that are
annotated with multiple ontological terms, for example genes that have multiple functions,
similarity is calculated using vector and set-based approaches. Consider entities A and B
annotated by ontological terms a1, a2, a3 and b1, b2 respectively.
3.4.1 Vector-Based
Each entity is treated as a vector with dimensions as the functions. The similarity is
then calculated using the cosine of the angle between the vectors [30]. Other variations can be
used such as normalized Euclidean distance between vectors, Minkowski distance, etc.
3.4.2 Set-Based
In the set-based approach, the ontological terms annotated to an entity are treated as a
set. Set-based similarity measures like Jaccard Index [31], which identifies the number of
identical terms between the 2 entities

and divides it with the union of terms

(Intersection/Union), are common similarity measures. Also, similarity between each pair of
terms belonging to ai and bj can be computed (6 in total) and the average score or maximum
score can be used to represent similarity. Alternatively, the average of the best similarity score
for terms in A with B and vice versa can be computed and the average score would reflect
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how well the terms in A and B match with each other.
3.5 Existing Similarity Measures
In this section, we introduce some state-of-art methods that have been used to measure
similarity between terms in an ontology in a biological context. The methods are Cooccurrence based like Pointwise Mutual Information (PMI), Node-based like Resnik, Jiang,
Lin, Rel, Edge-based methods like Leacock & Chodorow (LC), GFFST and hybrid-based like
Wang, FSM. In addition, a vector based method (Context Vector Method) is also explained.
These measures are later compared the proposed approach in the later sections.
3.5.1. Point-wise Mutual Information (PMI)
The point-wise mutual information [32] uses co-occurrence of terms and finds the
mutual information between them. Let x, y be the terms and p(x) and p(y) be the probability
of their occurrence in a corpus respectively. The PMI is given by

PMI (x,y) =

Equation 2: Pointwise Mutual Information

p(x,y) is the probability of occurrence of both x and y.
A major drawback of this method is the occurrence of negative values whenever one
of terms is an abstract term (probability is very high) and the other a very specific term
(probability is very low), such that the ratio of p(x,y)/p(x)*p(y) is less than 1. A negative value
between a pair of ontological terms would mean dissimilarity or opposite functions.
3.5.2 Resnik
Let C be the set of concepts of an IS-A ontology that permits multiple inheritance. The
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similarity of a pair of concepts is the extent to which they share information. This is given by
their common ancestors. This information can be quantified using information theory [25] as
the negative log likelihood, -log p(c). As the probability increases the information content
decreases, i.e., an abstract term will have low information content. This is an example of
node-based approach.

Equation 3: Resnik Similarity Measure

This is the same as maximum information in the common ancestor (MICA). The main
limitation of this approach is that it assumes the nodes and edges to be uniformly distributed
in an ontology; this is true only in a few sub-graphs in an ontology.
3.5.3 Jiang
An edge-based model is used to evaluating semantic similarity in which information
content is used as a decision factor [33]. The link strength of an edge that links a parent node
to a child node is given by the difference of information contents of the child and the parent.
LS(ci,p) = -log(ci/p) = IC(ci) – IC(p)

Equation 4: Link Strength

T he LS represents Link Strength of concept Ci and its parent p.
Sim(c1,c2) = IC(c1) + IC(c2) – 2 * LS(c1,c2)

Equation 5: Jiang Similarity

Measure

Lsuper(c1,c2) represents the super ordinate of c1 and c2 or the common ancestor that
has the maximum information content.
The distance or semantic similarity between terms c1 and c2 is defined as the

24

difference of the sum of their individual information contents and the maximum information
content in the common ancestor. The main limitation of this approach is the assumption that
the edges in different parts of the ontology have the same level of detail. This assumption is
often not true as it is dependent on the knowledge of the level of detail of the annotator.
3.5.4 Lin
The main assumption of this method is that the similarity of a pair of terms is the
information content of the node that contains attributes of both nodes [34]. This is calculated
by using information content in the maximum common ancestor, i.e., the difference between a
pair of terms is the total information content of each minus the common information content.
The similarity between a pair of identical elements is 1. The similarity of a pair of terms is a
function of their commonality and their differences.

Equation 6: Lin Similarity Measure

The common information content, log P(c) is the maximum information content of the
common ancestor and the denominator is the sum of their individual information contents of
concepts c1 and c2. Although this measure tries to improve on „Resnik‟ by including the
information content of the individual terms, it still relies on the assumption of nodes and
edges being uniformly distributed.
3.5.5 Rel
In Resnik, Jiang and Lin the semantic similarity depends on the information content in
the common ancestor. But, the distance of the concepts from the common ancestor is not taken
into account. This measure [35] assesses how close the terms are to their closest common
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ancestor. Also, these measures are proportional to the information content differences between
the concepts and their common ancestor, independently of the absolute information content of
the ancestor. To overcome this, it uses Lin's measure but uses the probability of annotation of
the maximum information content in the common ancestor as a weighting factor to provide
graph placement.

Equation 7: Rel
Similarity Measure

Rel‟s measure tries to capture the non-uniformity of annotation of nodes in an
ontology by weighing it with the probability of annotation of its common ancestor. One of the
main drawbacks of this method as explained in chapter 2 is the complete dependence on the
structure of the ontology.
3.5.6 Leacock & Chodorow (LC)
The Leacock & Chodorow method uses the number of edges between the terms to
compute similarity. Let D be the depth of the ontology and len(c1,c2) denote the number of
edges between terms c1 and c2, then the similarity between c1 and c2 is given by
Equation 8: Leacock & Chodorow (LC)
The LC method assumes the same level of detail across edges, which, as described
section 3.6, is seldom true.
3.5.7 GFSST
The Gene functional similarity search tool (GFSST) [36] uses a recursive procedure to
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define a statistical measure called D-value (distribution value) for each GO term in the GO
DAG. This is to avoid dependency on a single annotation database, and develop a gene
functional similarity search tool. A D-value measures the importance of a node in a graph
without relying on outside annotation. The degree of a node is calculated by finding the
number of children of the node. This is recursively done to find the immediate as well as nonimmediate descendants. This value is divided by the degree of the root note. Thus a D-value
measures the importance of a node in the graph relative to the root node. The lower the Dvalue of a node, higher is its importance. The D-values for a pair of entities is the minimum of
the D-values between all pairs of concepts/terms annotated with them. This is a purely graphbased method to estimate similarity between terms in an ontology. The main assumption is
that the graph is accurate, which is very rarely true in the context of biomedical ontologies.
3.5.8 Wang
Wang et al. [29] developed a hybrid measure in which each edge is given a weight
according to the type of relationship. For a given term c1 and its ancestor ca, the semantic
contribution of ca to c1 is defined as the product of all edge weights in the path from ca to c1
that maximizes the product. Semantic similarity between two terms is then calculated by
summing the semantic contributions of all common ancestors of the terms and dividing by the
total semantic contribution of each term's ancestors to that term. The pairwise scores are then
combined using the best match pairing described in the earlier section. The main limitation of
this approach is the use of arbitrary weights for the different types of relationships for the
edges that connect the nodes in the ontology.
3.5.9 Fuzzy Similarity Measure (FSM)
The Fuzzy Similarity Measure (FSM) [37] is based on the concept of fuzzy measure
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which is a generalization of a probability concept. The entities annotated with ontological
terms/concepts may overlap and have some similarity between them; hence they can be
considered as fuzzy sets. It uses the Sugeno measure to find similarity between a pair of
entities using the information content of the concepts and their common ancestors. It assumes
the graph structure to be accurate and hence suffers when the graph structure is not optimal
3.5.10 Context Vector Based Method
The context-based method uses second degree vectors [38] to measure the relatedness
between a pair of terms. Relatedness is defined to be a broader term for similarity that is not
restricted to the domain of terms. For example, a wheel of a car has a higher degree of
relatedness to a wheel of a bicycle than to the chassis of a car. From an ontological
perspective, depending on the ontology used, the wheel of a car may have higher similarity to
the chassis of a car than to a bicycle wheel. Bodenreider et al. [39] developed a node-based
measure that also uses annotation data but does not rely on information theory. It represents
each GO term as a vector of all gene annotated with it, and measures similarity between two
terms by computing the scalar product of their vectors.
There have been many other methods that have been developed to measure semantic
similarity in computer science and well as in biomedical domains. Most of these measures use
information content of nodes along with using structure of the graph to compensate for nonuniformity of annotation. A review of different methods can be found in Pesquita et al [40].
3.6 Limitations of Existing Similarity Measures
Using information content in common ancestors to measure similarity between terms
in an ontology is based on the assumption that nodes and edges are uniformly distributed. This
is seldom true in biological ontologies. The nodes and edges are not uniformly distributed as
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some areas of the graph might be denser than others. Terms that are at the same level of
ontology may not correspond to the same level of detail, as some aspects could be better
studied (more terms) than others. In Figure 7, in the snapshot of part of GO, the section
highlighted in red is not as dense as the other section. Also notice the leaf term “Positive
regulation by host of viral transcription” is at a distance of > 10 edges from one path and < 8
from the other path of the graph indicating that nodes at the same level do not have the same
level of detail.

Figure 7: Sparse Region in GO
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Several strategies, as discussed in the previous section, have been adopted to
overcome these limitations, such as weighting edges according to edge label and hierarchical
depth. The terms at the same depth do not necessarily have the same level of detail. Another
important limitation of using information content in common ancestors is that they assume an
ontology to be correctly structured. Ontologies are often incomplete are their construction in a
domain may be ongoing. There can be multiple ways to classify entities, e.g., diseases can be
classified based on anatomy, symptoms or etiology. This can result in different hierarchical
relationships. A similarity metric can therefore yield different estimates for the similarity of a
pair of entities based on the particular ontology used. Further, ontologies are often a work in
progress with terms and relationships both added and deleted over time (e.g., GO has grown
in size by an order of magnitude in the decade since its inception). Thus, similarity metrics
that are based on the common-ancestor of two terms in the ontology will, by definition, be
unable to capture similarity between terms that are related but topologically far apart in the
ontology. The methods described in the previous section are also sensitive to errors in
ontologies.
The observed co-occurrence of ontological terms in annotated data can potentially
compensate for the subjective and incomplete nature of a given ontology in estimating termterm similarity. For example, in Figure 8 “rhodopsin mediated phototransduction”
(GO:0009586) and “rhodopsin mediated signaling pathway” (GO:0016056) are closely related
semantic terms. However, they share the common ancestor „Biological Process‟ (highlighted
in red) only one level below the root in the GO Process ontology; their position in the
ontology seems to indicate that they are not closely related. In fact, the 2 GO-Processes share
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all 3 genes annotated to them in the human genome. Thus, the limitation imposed by the
structure of an ontology can be overcome by using the co-occurrence of attributes of the terms
in an annotation corpus. However, using co-occurrence exclusively will cause abstract terms
to have high similarity.

Figure 8: Example of closely related terms
(http://mor.nlm.nih.gov/perl/gennav.pl)

that are far apart in ontology

Information content-based methods are less sensitive to the issues of variable semantic
distance and variable node density than edge-based measures, as they give a measure of a
term's specificity that is independent of its depth in the ontology. However, these methods are
biased towards well-studied nodes.
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CHAPTER 4
PROPOSED APPROACH FOR ONTOLOGICAL TERM SIMILARITY
4.1 Proposed Approach
Existing ontological similarity measures fail to capture similarity when the ontological
structure is sub-optimal. The node-based, edge-based and hybrid methods use different
properties of the graph but overwhelmingly rely on the accuracy of the ontology. Ontological
structure is important as all attributes (annotation) of the children are implicitly associated
with the parent. Hence, using this property, attributes can be associated with nodes without
explicitly testing for the node-attribute association. For example, an „Apple‟ is-a „Fruit‟. „Red
Delicious‟ is-a „Apple‟. Hence „Red Delicious‟ is-a „Fruit‟. For example, in Figure 9, the fact
that the gene MMP9 is annotated with the biological process „Proteolysis‟ (GO:0006508)
implies that it is also annotated with all its ancestral terms, i.e., „Cellular protein metabolic
process‟ (GO:0008152), „Primary metabolic process (GO:0044238) and „Protein metabolic
process‟ (GO:0019538), etc.

Figure 9: Subsumption of Annotation in GO
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In this chapter, we propose a function to measure similarity between terms in an
ontology. To compensate for the over-dependence on the ontological structure, co-occurrence
of attributes of nodes is also taken into account for measuring similarity. This is extended to
measure similarity between entities that contain ontological terms. The results are compared
against the existing state of art similarity measures using biological pathways. To test for
robustness of the similarity function, its performance is assessed on inaccurate ontologies,
which are obtained by random perturbation.
4.2 Similarity between terms in an ontology
Similarity between a pair of terms in an ontology was calculated using co-occurrence
of their attributes and information content contained in the terms.
Let x & y be two terms in an ontology (e.g., GO Biological Process),
n(x) = number of attributes (genes) associated with x,
n(y) = number of attributes (genes) associated with y,
n(x∩y) = number of attributes (genes) associated with both x and y,
then the extent of co-occurrence in annotation between x and y is captured by Eq9:
sc( x, y )

n( x
n( x

y)
y)

Equation 9: Co-occurrence of Annotation (Jaccard Index)

This is the essentially the well-known Jaccard Index. It measures the strength of cooccurrence of attributes (co-annotation) between 2 terms. If the terms share an edge in the
ontology, this measure will capture the degree of co-annotation as all attributes (genes)
associated (annotated) to the child terms are also annotated to the parent term. If the terms are
far apart in the ontology but share annotation, Eq. 9 will still be able to capture the degree of
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co-annotation. Hence it does not entirely rely on the structure of ontology as other methods
do. Note that this captures evidence from annotation in addition to relatedness that is a
consequence of the ontological structure (if a gene is annotated with term x, it is assumed that
it is also annotated with all the ontological ancestors of x). The values of the score can range
from zero (when x and y are never used together) to 1 in case of identical annotation. Abstract
terms are terms in the upper part of the ontology, which are typically annotated with many
attributes thus having low information content. In contrast, specific terms occur in the lower
part of the ontology, typically annotated with fewer attributes and have high information
content. Eq9 does not distinguish between co-annotation by a pair of related abstract terms
and co-annotation by a pair of related specific terms. Ideally, co-annotation by highly specific
terms should count towards a higher degree of similarity than co-annotation by abstract
concepts. To overcome this limitation, the score is subsequently multiplied by the average
information content of the terms. The resultant semantic similarity between x and y is given by
Eq10:
sim(x,y) = sc(x,y) * Avg(IC(x),IC(y))

Equation 10: Similarity between terms

where IC(x) is the information content of x estimated as (-log2 p), and „p‟ is the ratio
of the number of attributes annotated with term x to the total number of attributes annotated
with any term. The average information content of the terms is based on the frequency of
explicit use in annotation, as well as the implicit frequency of use inferred from the
ontological hierarchy. Notice that the average of individual information content of terms is
taken. This is in contrast to existing methods that take the information content in the common
ancestor of the terms. When the information content of the terms is taken, the level of detail as
indicated by the ontology is used. When the information content in the common ancestor is
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taken, it assumes that the ontology is accurate and in case of a pair of terms that have an
abstract term as the common ancestor, it will result in a low score. This is combined with the
extent of co-occurrence from Eq9 to measure the similarity between a given pair of terms.
4.3 Similarity between Entities
Let entity A be associated with m ontological terms, TA1, TA2, TA3, ….TAm.
Let entity B be associated with m ontological terms, TB1, TB2, TB3, ….TBn.
The similarity Mb between A and B (e.g., genes or diseases, A & B that are each annotated
with a set of descriptors (e.g., processes or genes)) is computed using Eq11:

Mb(A,B)

1 1
[
2

msim(TAi, TB )

msim(TBj, TA )
1 j n

i m

m

n

Equation 11: Similarity between entities

]

msim(TAi ,TB) is the maximum semantic similarity between the ith term of A and all
terms in B (Eq8 is used to compute the semantic similarity between each of the m terms
describing A and each of the n terms describing B). The similarity score thus obtained is a
measure of involvement in similar biological processes.
Consider terms A and B to be annotated by ontological terms a1, a2, a3 and b1, b2, b3
respectively. Table 1 gives the similarity scores between ontological terms calculated by using
Eq 10.

35

Table 1: Example for computation of similarity between entities
b1

b2

b3

a1

1.21

2.30

0.97

a2

3.40

0.11

4.00

a3

0.69

0.00

0.50

msim(a1,B) is the maximum score for a1 with all terms associated with B (b1, b2, b3).
Maximum(1.21, 2.30,0.97) = 2.30. The average maximum similarity scores for all terms of A
with terms of B is calculated (1/3 (2.30 + 4.00 + 0.69) = 2.33). Similarly the average
maximum similarity scores for all terms of B with terms of A is calculated (1/3 (3.40 + 2.30 +
4.00) = 3.23). The average maximum scores are averaged (1/2 (2.33 + 3.23) = 2.78) to obtain
the similarity scores between A and B.
The maximum similarity of the pair of terms is chosen so that the best alignment
between the entities (vectors) is obtained or the best-case similarity between entities is
measured without loss of information. There are other ways to measure similarity between
entities, for example using average or minimum among all pairs of terms, but a recent study
[40] has shown that using the maximum similarity is a better approach in a biological context.
4.4 Comparison with other Similarity Measures
The proposed measure Mb was compared with similarity measures representing
different approaches: co-occurrence of annotation (PMI) [32] , node-based measures like
Resnik [25], and Lin [34]; edge-based measure Leacock & Chodorow (lc) [41] and a hybrid
measure Wang [29]. Resnik, Lin, and Wang similarity measures were used from GOSemSim
[42] implemented as part of

the Bioconductor package, while PMI
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and LC were

implemented using R. Methods like Resnik and Wang were found to outperform other
methods in a recent review paper [40].
One of the ways to compare the goodness of fit of different models is to use the
Akaike Information Criterion [43] given by Eq. (12).

AIC = 2 k – 2 ln (L)

Equation 12: Akaike Information Criterion (AIC)

where „k‟ is the number of parameters of the statistical model and „L‟ is the maximum
likelihood estimate of the candidate models.
Even though this is an elegant and simple way to evaluate different models of
ontological similarity, the parameters such as the number of genes associated with the
ontological term or number of edges is fixed and obtained directly from annotation. Moreover,
the outcome or the true similarity between genes is unknown, preventing the estimation of the
parameter. Hence AIC is not suitable to compare different ontological similarity methods.
Some of the other ways to evaluate ontological similarity measures are based on gene coexpression, membership in regulatory pathways, membership in protein families and sequence
similarity.
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Figure
10:
SMAD
signaling
pathway
from
(http://www.nature.com/nchembio/journal/v4/n1/fig_tab/nchembio0108-15_F1.html)

Nature

Genes that are expressed at a similar level are thought to have similar function. Hence
the ontological similarity measure should give high similarity for genes with similar gene
expression levels. One of the main limitations of this approach is that genes with similar
expression level may not necessarily have similar gene function. Gene expression is measured
using microarrays [44] which can have a large amount of noise and the content of the gene
sequence dictates the expression level. Hence genes with different expression level could have
similar functions. Protein families can be very abstract and are not ideal for discerning
specific gene functions [45]. Sequence similarity almost always translates into function
similarity but a major limitation of it is that in many cases sequence dissimilarity does rule out
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functional similarity [46].

Biological pathways are modules of genes that have been

experimentally validated to accomplish a task. Figure 10 illustrates the SMAD signaling
pathway which is involved in various growth and death related functions. Groups of genes
interact with each other to perform a biological function. A pathway can be conceptualized as
a graph in which the nodes correspond to genes. Typically, pathways can consist of between 5
to >1000 genes. A low number of genes correspond to a specific pathway function. Several
biological modules can be part of a pathway. Since the group of genes accomplish a given
pathway function, the similarity between genes in the pathway should be high. Given the
severe limitations imposed by similarity based on gene co-expression, sequence similarity and
protein families, we have chosen to base the comparison of the proposed ontological
similarity measure with existing measures using biological pathways. Genes involved in a
common pathway are expected to yield a higher similarity score than the average similarity
score within a set of randomly selected genes. A set of pathways from KEGG [47], version
December 2010, was

used to compare existing similarity measures with the proposed

measure. Only genes having GO-Process annotation were included in the analysis.
Associations between genes and GO-Process that have been experimentally verified were
included, ignoring associations inferred from electronic annotation (IEA evidence code) in
order to minimize the presence of false positives. Corresponding p-values were computed
with respect to a null model analogous to a previously published study [48]. In a given
pathway (n genes), pairwise similarities of n*(n-1)/2 combinations between genes were
computed using Eq3 with GO-Process as the ontology. These pairwise scores were averaged
and assigned to each pathway to obtain a pathway score. The membership of KEGG pathways
ranges from 3 to over 1000 genes after filtering for experimental verification of gene-GO-
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Process annotation. Pathways whose membership ranged from 5 to 50 were extracted, totaling
71 pathways. The minimum number of 5 genes was chosen as using those with fewer genes
(after filtering for annotation for experimental verification) tends not to give accurate
representation of the function of the pathway. A maximum of 50 was chosen to limit the
computation time – computing the null model in particular requires substantial computational
resources because of the quadratic complexity (doubling the number of genes takes 4 times as
much to compute). To create a null model for each pathway, 5000 average similarity scores of
k (corresponding to number of genes in the pathway) randomly selected genes were
computed. The p-value for each pathway was computed as the proportion of null-scores
greater than the pathway score.
To check if Mb can discriminate between pathways, the inter-pathway similarity score
was obtained by randomly choosing a pair of pathways and calculating the average similarity
between the genes of one pathway and the genes of the other. The inter-pathway scores for 71
KEGG pathways were compared with their intra-pathway scores using the Wilcoxon ranksum test.
Pathways from KEGG were used as a benchmark to evaluate the accuracy of the
proposed measure (Mb). The intra-pathway scores for Mb (mean=1.9, standard deviation (sd)
=0.68) were significantly higher than the inter-pathway scores (mean=0.08, sd=0.21), pvalue= 1.88e-17, demonstrating that Mb distinguishes between unrelated and related genes.
The performance of the proposed similarity measure (Mb) for genes is contrasted with 5 other
measures in Table 2. A representative sample of the KEGG pathways used for evaluation is
shown. The complete set of pathways is shown in the appendix. The first two columns show
the pathway ID and corresponding number of genes. As explained in section 4.3, the p-values
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reflect the probability that the group of genes in each pathway could be assembled by chance;
low p-values imply that the genes within a pathway are related.

Table 2: Comparison of p-values for gene similarity within KEGG Pathways from 5 different
methods
KEGG
Pathway

No. of Proposed
genes Method
Mb
hsa00511 5
0.006
hsa00450 11
0.015
hsa00760 15
0.016
hsa00270 20
0.000
hsa00310 23
0.105
hsa00350 30
0.001
hsa00330 38
0.001
hsa00980 45
0.001
„Mb‟ is the proposed method

Node-Based

Hybrid

Lin
0.01
0.43
0.92
0.67
0.20
0.96
0.96
0.04

Wang
0.01
0.83
0.81
0.11
0.07
0.88
0.23
0.02

Renik
0.01
0.02
0.93
0.01
0.26
0.49
0.68
0.07

Edgebased
Lc
0.01
0.14
0.34
0.17
0.64
0.13
0.26
0.01

Co-occurrence
based
PMI
0.13
0.35
0.09
0.37
0.78
0.48
0.16
0.01

The proposed metric's p-value (Mb in column 1) is consistently lower than that of the
other 5 similarity measures. The average p-values of 71 pathways (shown in appendix) for the
6 similarity measures in the order listed in Table 2 are 0.02, 0.31, 0.13, 0.26, 0.15, and 0.16
respectively. The number of pathways that were significantly distinguished by the similarity
measures (p ≤0.05) was 68, 27, 51, 35, 22 and 55 respectively. The next best performer after
Mb is “Resnik.” One explanation for the lower p-values for Mb compared to the other metrics
is that, in many instances, GO-Processes with similar function have abstract terms as common
ancestors. In other words, the similarity between processes is not obvious from the ontological
hierarchy as the terms appear to be far apart. Measures that use the information content in
common ancestors or the graph structure fail to capture similarity in such instances. The
performance of „Lin‟ is worse than other methods. Although „Lin‟ and „Resnik‟ are purely
node-based methods, „Lin‟ weights the difference of information contents of the common
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ancestor and that of the nodes by (1- probability of annotation). Hence scores of terms that
have an abstract term as their common ancestor would decrease exponentially compared to
„Resnik.‟ This is unsuitable for detecting similarity of function in biological pathways. The
„PMI,‟ „LC‟ and „Resnik‟ have similar average p-value across 71 pathways. PMI is purely
based on co-occurrence of terms. „Mb‟ outperforms all the other methods by a significant
margin mainly because it does not entirely rely on the graph structure as other methods and
uses co-occurrence to pick similarity between terms that are not connected directly because of
the limited relationship types in GO.
4.5 Ontology Perturbation
Ontologies are often incomplete and subject to continuous revision, for example GO is
updated almost daily.

Figure 11: Example of changes in Gene Ontology from www.godatabase.org
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Examining the historical log of changes shows, for example in Figure 11, deletion of
an existing IS-A relation between the terms „Protein processing‟ (GO:0016485) and „Posttranslational protein modification (GO:0043687) in a previous version of GO, with a new ISA relation added with Protein maturation (GO:0051604) in the current version of GO.
Subsequently, a new HAS-PART relation has been added with „CAAX-box protein
maturation‟ (GO:0080120). GO:0016485 has many descendants. The resultant graph can be
seen in Figure 11, where „Protein Processing‟ is now connected with „Protein maturation‟ and
„CAAX-box protein maturation.‟ Therefore, removing and adding links can change the
location

of

the

entire

sub-graph

(http://www.ebi.ac.uk/QuickGO/GTerm?id=GO:0051605#term=history). Ideally, in addition
to being accurate, a similarity measure should be robust to minor perturbations in the
ontology.
Since genes involved in the same pathway can be assumed to have collaborative
functional relationships, the average gene-similarity scores within pathways can be used to
test the robustness of similarity measures. To simulate this, partially altered versions of the
GO-Process ontology were created.
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Figure 12: GO Perturbation

In the procedure, a pair of nodes was chosen and the nodes along with their
descendants were swapped as shown in Figure 12, nodes D and G are swapped along with
their descendants. The graph above is a simplified version of the GO graph. In the GO graph,
a child may have many parents and edges transcend across multiple levels. Hence if a node
has two parents, which are to be swapped, the swapping (perturbation) result will not have
much difference with respect to the node. The nodes that were chosen to be swapped were
required not to share ancestor (or parent)-child relationship as switching of subtrees would not
be possible in such cases.
It was observed that if abstract terms were swapped along with their descendants, it
resulted in major distortions of the graph. Since the purpose was to emulate subtle changes,
nodes that were at a distance of at least 6 from the root node of the GO-Process graph were
chosen (so that relatively small subsections of the ontology were swapped).

This was

repeated a number of times resulting in a perturbed ontology. The amount of perturbation was
measured by comparing the pairwise graph matrix (direct or descendent association in
“graph_path” GO table) with the “graph_path” table of the perturbed ontology. The pathway
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similarity scores were measured for each perturbation and compared to that of the unperturbed
GO pathway scores by measuring the deviation using Eq. (13).
Deviation = |pert – un_pert| / un_pert

Equation 13: Deviation Pathway Score

where pert=Average score of pathways from the perturbed ontology and
un_pert = Average score of pathways based on the original.
Perturbation results in a change of annotation, with new genes associated with
ancestors of swapped GO-terms. The change is proportional to the amount of perturbation of
the ontology. For example, if gene G is annotated with terms x and y that have a common
ancestor z, the terms might or might not have a different common ancestor in the perturbed
ontology, depending on how abstract (position in the hierarchy) the term z is. Ideally, the
similarity scores of terms should not change much (deviation ~ 0) for small perturbations and
should progressively deviate with an increase in perturbation. The GO-Process ontology was
perturbed up to 2, 5, 10, 15 and 20 percent (Figure 13) and average deviation of pathway
scores assessed. Ideally, the resulting deviation should be proportional to the amount of error
introduced into the ontology.
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Figure 13: Box-plots of deviation of pathway scores with increasing ontology perturbation for
‘Mb’ and ‘Resnik’ similarity measures

The Resnik pathway scores seem unaffected by the degree of perturbation, implying
that the information content in the common ancestors does not undergo sizable changes. This
is expected as the common ancestors of many pairs of terms are abstract terms. In contrast, the
deviation for „Mb‟ is proportional to the extent of perturbation. It shows a small deviation at
low perturbations (2 and 5 percent) but rises on large perturbations (10-20%). This suggests
that „Mb‟ is robust to small errors in an ontology and degrades gracefully with increasing
noise.
4.6 Conclusion
The construction of ontologies in a domain is often dictated by the overarching theme
of classification. There can be multiple ways to classify entities, e.g., diseases can be
classified based on anatomy, symptoms or etiology. This can result in different hierarchical
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relationships. A similarity metric can therefore yield different estimates for the similarity of a
pair of entities based on the particular ontology used. Further, ontologies are often a work in
progress with terms and relationships are both added and deleted over time (e.g., GO has
grown in size by an order of magnitude in the decade since its inception). Thus, similarity
metrics that are based on the common-ancestor of two terms in the ontology will, by
definition, be unable to capture similarity between terms that are related but topologically far
apart in the ontology. Such methods are also sensitive to errors in ontologies. The observed
co-occurrence of ontological terms in annotated data can potentially compensate for the
subjective and incomplete nature of a given ontology in estimating term-term similarity. As
shown in Figure 8, rhodopsin mediated phototransduction (GO:0009586) and rhodopsin
mediated signaling pathway (GO:0016056) are closely related semantic terms. However, they
share the common ancestor „Biological Process‟ only one level below the root in the GO
ontology; their position in the ontology seems to indicate that they are not closely related. In
fact, the 2 GO-Processes share all 3 genes annotated to them in the human genome. The
proposed metric, based on both co-occurrence and information content of terms, gives a high
score (95th percentile) while the scores for existing metrics range from 0 to 0.08 (1 being
highest).
The proposed ontological similarity measure is also robust to minor perturbations and
yet sensitive enough to distinguish between biological pathways. Hence it is better suited for
the dynamic nature of ontologies compared to other methods.
4.7 Limitations and Future Work
One of the limitations of the proposed similarity measure is failure to capture
sparseness of annotation in an ontology. If terms have not been studied well, they would be
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annotated with fewer genes and hence have high information contents. This could result in
high similarity scores for such terms. One of the ways to overcome this limitation is to use the
density of the graph to capture such sparse regions and appropriately correct for low
annotation. The caveat is that low annotation does not necessarily mean terms are not well
studied. Using perturbations, an error model could be constructed to give an estimate of the
confidence of similarity scores.
Another limitation is that the relationship type „PART-OF‟ is not considered for computation
of similarity scores, specifically information content of terms subsuming annotation of
specific terms. Only IS-A relations are used. Although IS-A relations are much stronger than
PART-OF, discarding PART-OF relations could impact similarity scores. This could be
overcome by assigning weights to the type of relationships, which could be error prone as a
relationship type does not always convey the same degree of association. For example, IS-A
relation can link very closely related terms in one part of the graph and not very closely
related terms in another part of the graph. It would be useful to find a set of terms linked by
with same relationship type but with unequal degree of relatedness that could be used to
model the system.
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CHAPTER 5
AUGMENTATION OF VOCABULARY AND ANNOTATION IN ONTOLOGIES
5.1 Introduction
Many ontologies have been developed to encode knowledge about diseases. Most
commonly used are MeSH [49], SNOMED-CT [50], Disease Ontology (DO) [9], NCIThesaurus [51] and International Classification of Diseases (ICD9-CM) [52]. They have been
developed to serve specific purposes and do not fully encode existing diseases. The most
widely used terminologies for symptoms and diseases are SNOMED and MeSH. Though
MeSH has broad coverage on a variety of subjects, it has several missing terms and lacks
detail in the disease section. For example, „Hypothalamic Neoplasms‟ is not present in MeSH
and the term Asthma has only „Asthma, Exercise-Induced‟ and „Status Asthmaticus‟ as child
terms. Moreover mental health conditions are not part of diseases in MeSH. As a result,
MeSH-based approaches may have limited recall and any similarity metric that exploits its
hierarchical nature can lack specificity. While SNOMED is rich in clinical terms, its
availability is restricted and specifically developed for billing purposes in hospital systems.
Moreover it has synonyms as different nodes, which renders it unsuitable to apply ontological
similarity measures. The International Classification for Diseases (ICD) classifies
epidemiological diseases but lacks clinical details.
It is important to have vocabulary that not only gives disease sub-classification, but
also signs related to them [53]. For example, consider the disease text from Swissprot [54]
“Defects in FLNA are the cause of frontometaphyseal dysplasia (FMD) [MIM:305620]. FMD
is a congenital bone disease characterized by supraorbital hyperostosis, deafness and digital
anomalies.” Although „frontometaphyseal dysplasia‟ is the disease, the knowledge that the
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defects are congenital musculoskeletal anomalies, deafness and hyperostosis can be
potentially useful in knowledge bases and expert systems. The Disease Ontology [9]
developed at Northwestern University has 12082 terms (ver3.0, August 2009) compared to
4323 in MeSH 2009 (Disease section). Most of the terms have been obtained from ICD9-CM,
NCI and MeSH. Disease ontology as shown in Figure 14 classifies diseases into 8 categories,
disease by infectious agent, of anatomical entity, cellular proliferation, etc. Note that mental
health diseases are also included. The sub-classification of Anatomical diseases is shown in
Figure 14.

Figure 14: Snapshot of Disease Ontology (http://disease-ontology.org/)
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Since these ontologies have disease vocabulary specific to their underlying needs, it
would be useful to extract useful information from different vocabularies and use it for
knowledge representation and estimate disease similarity.
The Unified Medical language System (UMLS) [13] consists of more than 500
vocabularies in more than 25 languages. The vocabularies are from biomedical domains such
as diseases, biological processes, medical procedures, dental, ethnicities, medical equipment,
etc. Every term in the ontologies is given a concept user identifier (CUI). Since a concept can
be present in multiple vocabularies by slightly different names, for example apple, malus
domestica (scientific name of apple), and each term is identified by an Atomic User Identifier
(AUI). Hence each term in UMLS will have a CUI, which can be used to identify it across
ontologies and an AUI, which is used to relate it to the local ontology.
In this chapter, we present methods to augment the vocabulary of the Disease
Ontology using disease-related ontologies from Unified Medical language System (UMLS)
[13]. Further, we also present a method to identify disease terms in free text that are
associated with genes and map them to DO, thus increasing the annotation of DO. To achieve
the desired levels of accuracy, a predefined test set of 200 free text records is used to calibrate
the parameters of the algorithm.
5.2 Method for Ontology Augmentation
Since the disease ontology (DO) has a broad coverage of diseases and is suitable for
the application of ontological similarity measures, it was used as the base vocabulary and
terms were borrowed from UMLS ontologies like MeSH, clinical terms from SNOMED,
ICD9 and NCI-Thesaurus. Each of the terms in the UMLS has a semantic type, or kind of
term. For example „Asthma‟ is a type of disease, „Fever‟ is a pathologic condition or a
51

sign/symptom, „Stomach‟ is a body part, etc. There are 126 semantic types in UMLS. Since
the purpose was to augment an existing disease vocabulary, only disease-related semantic
types were used namely, „Disease or Syndrome,‟ „Neoplastic Process,‟ „Mental or Behavioral
Dysfunction,‟ „Acquired Abnormality,‟ „Pathologic Function,‟ „Anatomical Abnormality‟ and
„Congenital Abnormality.‟ „Sign or Symptom‟ though sometimes synonymous with disease
names was not considered as it includes several non-specific terms like pain and fever which
can confound mapping.

DO-OBO
Doid:10081 (Syphilitic Encephalitis)
CUI:C0153168

Primary Terms (Synonyms from MRCONSO)

MRCONSO (MeSH,SNOMed,MTH,NCI)
1. A3124434 | Encephalitis due to syphilis unspecified
2. A2891225 | Syphilitic Encephalitis
3. A3413463 | Encephalitis due to syphilis unspecified
Disorder
4. A3744939 | Syphilitic Encephalitis (disorder)

Secondary terms (Recursive Child terms from
MRHIER for each Primary term, e.g., A2891225)

MRHIER

A2891225

Synonym of
A2891189

A1

A2

A3124434

A3

A4

A5

A2982782

DOID:13547

(Syphilitic parkinsonism)
STOP traversal along this path

Figure 15: Method for Ontology Augmentation
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DO consists of 12082 terms corresponding to 14,392 Concept User Identifiers (CUIs).
Although DO has a large vocabulary, several terms lack synonyms and some terms are rather
abstract (e.g., Reproduction Disease). In order to augment DO, we exploited the semantics of
the internal hierarchy of multiple source vocabularies in UMLS - ICD10, SNOMED, MeSH
and NCI-Thesaurus. For a given DO term, its Concept User Identifier (CUI) was used to
extract all Atomic Unique Identifiers (AUIs) associated from different vocabularies. These
were designated as Preferred Terms. The AUIs obtained were recursively used as query terms
to find additional AUIs having an IS-A relationship with the query terms. The AUIs extracted
recursively were labeled as Secondary terms of the DO term used to initiate the query. Since
recursive extraction of terms related to the given CUI-AUI may result in terms which are
related other CUIs, the iteration was terminated whenever the extracted Secondary term was
found to be the Primary term of an existing DO identifier. For example as show in Figure 15,
A3124434, A2891225 and A3413463 are AUIs (Preferred Terms) of DOID:10081 (Syphilitic
encephalitis) extracted from MRCONSO. Using these terms, Secondary Terms are iteratively
extracted from MRHIER, except for „A2982782‟ which is a Preferred Term of another DO
Identifier, „Syphilitic Parkinsonism.‟ Thus, several Secondary terms were mapped to each
Primary DO identifier to constitute an augmented version of DO. To strike a balance between
a rich mapping to DO and excessive abstraction, the iteration for each Preferred DO identifier
was limited to a pragmatic maximum of 4 levels (based on a sample of mappings).
5.3 Results of Ontology Augmentation
The MeSH „Disease‟ section contains 4323 terms related to various UMLS semantic
types of which 3944 are „disease related‟. These correspond to 6954 Concept User Identifiers
(CUIs). In comparison, DO consists of 12082 terms. Further, the augmentation of DO using
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UMLS resulted in increasing the coverage to 33,085 CUIs, an increase of 2.5 fold. There were
only 615 MeSH terms that did not have a corresponding CUI in the augmented DO; 84.4%
MeSH disease-related terms were represented in DO.
5.4 Association of genes to diseases
Swissprot (SP) [55] has 2554 proteins (March 1st, 2009) that have been manually
annotated with disease names. These entries are a mixture of phrases explicitly referring to
disease names and additional sentences that imply associated diseases as shown in Figure 16.
Mapping this accurate information to standard terminologies or ontologies would aid the
automation of research on gene-disease relationships.

Figure 16: Snapshot of disease text from Swissprot (http://www.uniprot.org/uniprot/P21333)
Major efforts in text mining have focused on the recognition of genes and protein
interactions in publications; relatively few tools map free text to disease terminologies.
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National Library of Medicine has developed a tool called MetaMap [56], which is a widely
used to map free text related to diseases to controlled vocabularies in UMLS. We use
MetaMap to map the disease annotation of Swissprot protein entries to DO terms.
The SP database disease-annotated subset consists of 2554 genes with 3936 disease
descriptor lines. The Online Mendelian Inheritance in Man (OMIM) which consists of very
high quality information about diseases is also represented in the disease text lines (blue
colored numbers in Figure 16). An OMIM entry corresponding to MIM:300537 contains the
header text, “HETEROTOPIA, PERIVENTRICULAR, EHLERS-DANLOS VARIANT”
(http://www.omim.org/entry/300537). The titles and alternative titles of OMIM identifiers
were appended to the disease line wherever an OMIM ID was mentioned. MetaMap 2009AA
was used to map the Swissprot (SP) text entries to DO. The SP text was used to search the
entire UMLS and wherever the CUI was represented in augmented DO, the corresponding DO
identifier was used to annotate the SP disease line.
Genes corresponding to (Swissprot) SP disease lines were used to add disease
information based on existing DO annotation, which mainly came from GeneRIF [57], which
is a database of Pubmed abstracts relating to gene function and involvement in diseases. Thus,
the final annotation was based on the cumulative annotation from SP, OMIM and GeneRIF.
To evaluate the efficiency of mapping, the Mottaz benchmark set of 200 records [58] was
used. These records were originally randomly chosen and manually annotated by experts
using MeSH. A record consists of Gene ID, Line Number and Disease Text. The complete set
of the 200 records is given in appendix (Table 2). The same records were parsed by MetaMap
and annotated with MeSH terms. Recall and precision were calculated on a per record basis. If
any term mapped by MetaMap matched the curated terms, then the record was scored as a
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match. It was noticed that some terms from the disease text were missed by experts. To
prevent underestimation of precision, the mapped terms were manually checked by Dr.
Deendayal Dinakarpandian MD, PhD.
The template-based extraction method in Mottaz et al [58] required only 1 term to be
extracted per record and had a precision of 86% and recall of 64% resulting in an F-score of
0.73. MetaMap (SP-MeSH mapping) performs better (Figure 17) by achieving an average of
3.05 terms per correctly called record (disease text line) with a better recall and overall
performance (Maximum Recall=89%; Precision=72%; F-score=0.81). Mappings of the 200
records to DO achieved an average cardinality of 3.06 with better F-scores (Maximum
Recall=90%; Precision=76%; F-score=0.83) compared to SP-MeSH mappings (Figure 17).

Figure 17: Evaluation of automated annotation of 200
records with MeSH and DO terms

A cutoff score of 700 was used for automated annotation of all SP entries having
disease lines as it had the highest F-score of 0.827. Higher cutoffs like 850, 900 although
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resulted in higher precision but drastically lowered recall. Out of a total of 2554 genes
annotated with disease text, MetaMap was able to assign annotation to 2303 (90.4%).
The relative contributions of GeneRIF [59], OMIM [60] and Swissprot annotation to
disease–gene association were assessed. The existing GeneRIF annotation in DO (4376 genes
annotated with 2638 DO terms) corresponds to 20183 gene-disease associations. SP records
alone, devoid of any OMIM references, yielded 1191 gene-disease associations between 485
genes and 325 diseases. SP records that included information derived from OMIM contributed
to the annotation of 923 genes with 564 DO terms (an additional 7293 gene-disease
associations) (Table 3 & Figure 18). Table 3 lists some of the 1191 gene-disease associations
obtained exclusively from Swissprot. The gene names are delimited by „,‟. For example genes
ITGA2B and ITGB3 were found to be associated with Qualitative platelet defects (bleeding
disorders).
Table 3: Gene-Disease associations exclusively contributed by Swissprot
Gene Names

Disease

ITGA2B, ITGB3

Qualitative platelet defects

ABCB4, ABCG8

Cholecystolithiasis

EDAR, TP63

Hypohidrosis

KRT3, KRT12, CACNA1F

Astigmatism

MYH11, TGFBR1, TGFBR2

Aortic Aneurysm, Thoracic

PTCH1, PORCN

Focal Dermal Hypoplasia

PTEN, RET, BMPR1A

Gangliocytoma

ALB, TTR

Hyperthyroxinemia

STAT3, TYK2

Job's Syndrome

57

Thus, the use of information embedded in SP records resulted in an increase of 36.1% ,
7293 additional annotations as shown in figure 18, over pre-existing annotation derived from
GeneRIF (20183). Exploiting both SwissProt and GeneRIF annotation resulted in associating
3202 diseases with 5290 Entrez genes.

Figure 18: Disease-Gene Associations for SP_Omim and GeneRIF

5.5 Conclusion
Ontologies are often developed to satisfy specific research goals and are limited in
scope due to the inherent limitations on relationship types. This spans many domains like
aerospace, biomedicine, etc. There are more than 10 disease related ontologies that address
different objectives like billing (SNOMED), cancer specific (NCI-Thesaurus), etc. It would be
beneficial to represent knowledge about disease/symptoms of a patient by using information
across ontologies. Enhancing the disease vocabulary by using a combination of UMLS
(SNOMED, MeSH, ICD, NCI) and DO overcomes the problem of synonyms and yields better
coverage by exploiting the hierarchical structure of ontologies. Also it is important to extract
as much information about gene-disease as it improves the accuracy of methods that use
disease ontologies to solve important problems such as estimation of disease similarity. By
exploiting the hierarchy of UMLS, we have integrated information across ontologies thus
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enabling the increase of coverage among diseases. It resulted in an increase of 250% in the
number of diseases and associated synonyms. Using natural language processing techniques,
gene annotation from a high quality database like Swissprot was extracted and associated with
disease ontology. This resulted in an increase of annotation by 36%.
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CHAPTER 6
ESTIMATION OF DISEASE SIMILARITY
6.1 Motivation
A disease is usually caused by congenital (by birth) or acquired mutations (errors in
gene sequence) or by the action of external agents that disrupt gene regulation [61]. This
disrupts biological processes in which the affected genes participate. Disruption of the
biological processes results in phenotypes (defects that can be observed or measured by
conducting tests, for example Tumor biopsy, high blood pressure, etc.) that characterize each
disease, with the phenotype depending on the influence of the affected biological processes on
the larger biological network. If the biological process is important then it could result in a
serious condition such as heart attack accompanied with several symptoms such as sweating,
fatigue etc,. Many of the biological processes interact with each other often triggering a
cascading effect. With the advancement of clinical medicine, diseases can now be classified
and appropriate treatments prescribed. For example, different subtypes of breast cancers can
be identified and therapies can be tailored on the tolerance levels of patients [62]. Many
diseases which have previously been thought to be distinct have common pathphysiology
[63], for example, diabetes, hypertension and obesity have now been found to have
commonality in terms of the affected pathways [64]. Thus, treatments could potentially be
appropriated among similar diseases, which can greatly benefit the patient health and reduce
costs of treatment. Orphan diseases, which are diseases that are neglected due to their rarity of
occurrence and want of funding could potentially benefit from this. So, if the similarity
between diseases is quantified then candidate similar diseases can be explored for treatment
extrapolation. This chapter describes the method to find similarity between diseases using
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semantic similarity among biological processes involved in diseases. This is compared to the
scenario in which only shared biological processes are considered. Further, the superiority of
the method is demonstrated by comparing it to the existing state of art.
6.2 Introduction
Diseases that are caused by mutations of a single gene such as sickle cell anemia are
easier to decode than diseases in which multiple genes are involved (polygenic diseases) [63].
This is because, in case of single-gene diseases the affected biological processes can be
identified and drug can be developed to counter their deleterious effect. In contrast, multiplegene disease would have many biological processes affected and many of the gene may not be
suitable drug targets, for example type 2 diabetes is a polygenic disease and some of the genes
involved are essential for human survival. A study [65] examining genes of individuals
affected by breast cancer concluded that there was very little reproducibility between genes
across individuals. Interestingly the study found that similar or identical biological processes
were affected in all individuals. The reason for this is because different genes in a biological
process have varying influence on it. Hence a particular gene found mutated in an individual
may not be mutated in another individual but the same biological process could be affected in
both because some other gene in the 2nd individual influenced the biological process. The
polygenic diseases are analogous to the „k-out-of-n‟ model in engineering that is used to build
fault-tolerant subsystems. Systems with „n‟ partially redundant components fail only if at least
„k‟ components are defective, k < n [66]. A module (biological process) fails only when „k‟
out of „n‟ genes in the module is mutated/differentially regulated. Since „k‟ can be variable, it
is often hard to find a reproducible set of genes across individuals with the same disease [65] .
This suggests that representations that summarize the contributions of groups of genes rather
61

than match genes explicitly could be useful in understanding disease. Examples of such
representations are biological processes and network modules. In this chapter we introduce
methods based on semantic similarity to measure similarity between diseases. This is
compared to the existing methods and is shown to outperform them. A curated set of similar
diseases constructed by Dr. Deendayal Dinakarpandian MD, PhD is introduced to compare
existing method for measuring disease similarity. The method is then validated using an
external data set.
6.3 Existing Approaches
The use of representations (e.g., GO-Processes) other than sets of genes has helped
determine signatures in meta-analysis of studies on breast cancer [62]. A broad analysis of the
“diseasome” (disease related genes) showed that different diseases in the same disorder class
exhibited concordance in protein networks (gene networks) and biological processes [63].
With the high cost of drug development and lower approval rates [67], drug repositioning (use
of existing drugs outside their original indication) opportunities can be effectively explored by
studying disease similarities. Genetic, symptom and phenotype information along with
penetrance models has been used to find comorbidity between diseases [68]. But this study is
limited to availability of detailed phenotypic data for diseases along with the DNA sequence
of affected individuals, which is a scare public resource. Medicare data has been used to study
co-occurrence of diseases [69, 70]. Medicare patients are at least 65 years of age and due to
the old age individuals are susceptible to many diseases. Hence for studying co-occurrence
between diseases distinction should be made between occurrence of a disease as a
consequence of another disease or only its manifestation. Microarray gene expression data has
been used to find modules affected by diseases and to find similarity between diseases by
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measuring the correlation between affected modules [71]. In this study genes that were
differentially expressed in the disease compared to normal individuals were considered. Often
subtle changes in a group of genes result in regulation of a pathway, which would be
overlooked by this approach. Shared pathways [72] and the gene-phenotype network [73]
have also been used to compute similarity between diseases. These methods only look for
shared pathways, but overlook the similarity between biological processes which are not
identical. As discussed in earlier chapters, it is important to consider similarity among
ontological terms as ontologies are imperfect and are a work in progress.
6.4 Method to Estimate Disease Similarity
The augmented disease ontology (described in chapter 5) and gene ontology were used
for estimated similarity between diseases. The similarity between diseases was measured
using the following approaches.
1. Genes shared by a pair of diseases (Gene-Based Similarity)
2. Biological Processes shared by a pair of diseases (Process-Identity Based)
3. Biological Processes that are not only shared but also similar processes (ProcessSimilarity based)
The 3 approaches are shown in Figure 19.
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6.4.1 Gene-based and Process-Based Disease Similarity

Figure 19: Contrasting approaches used to compute similarity between diseases.
D1 and D2 are diseases, Gi are associated genes, Pi are enriched GO-Processes. G1
and G2 are genes common to both diseases. Gene-Identity Based (GIB) uses similarity of G1
and G2 to measure similarity between D1 and D2. P1and P2 are biological processes common
to both diseases; P4 is similar to P6. Process-Identity Based (PIB) uses similarity of P1 and P2
to measure similarity between D1 and D2. Process-Similarity Based (PSB) uses P1, P2 and
similarity between P4 and P6 to estimate similarity between D1 and D2.
The similarity for a given pair of diseases was calculated in four different ways: GeneIdentity based (GIB), Process-Identity based (PIB) and Process-Similarity based (PSB)
(Figure 19). As the name suggests, GIB computes inter-disease similarity based only on the
set of genes known to be implicated in both diseases. PIB computes disease similarity based
on shared processes, while PSB also takes the similarity between related processes into
consideration. The 3 approaches are illustrated using a pair of diseases, Alzheimer's (240
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genes) and Schizophrenia (200 genes) with 39 genes in common.
6.4.1.1 Gene-Identity Based Disease Similarity (GIB)
In the GIB approach, the similarity between a pair of diseases was calculated on the
basis of the extent of overlap between genes. Hypergeometric distribution measures the
probability of „k‟ successes in „n‟ draws from a population of „N‟ containing „m‟ successes as
given by Eq14. This method was used to measure the extent of overlap between 2 gene sets
belonging to the pair of diseases. The p-value was subsequently generated using the
theoretical hypergeometric table. Since many hypergeometric tests are conducted, the p-values
are corrected for multiple testing using Benjamini-Hochberg test [74]. For example, the
corrected p-value for Alzheimer's and Schizophrenia, based on the 39 shared genes, is 5.61x
10-14, which indicates very high similarity.

Equation 14: Hypergeometric Probability
N = Number of objects in the population
n = Number of objects drawn without replacement
k = Number of successes in „n‟
m = Total Number of successes in „N‟
6.4.1.2 Process-Based Disease Similarity (PIB & PSB)
To find if a GO-Process was associated with a disease, a hypergeometric test was
conducted using the genes associated with the disease and their overlap with genes associated
with the GO-Process. Here „N‟ = Total Number of Genes annotated with Biological Process
Ontology (GO-Biological Process), „n‟ = Number of Genes associated with disease, „k‟ =
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Number of Genes in the Disease and the Biological Process and „m‟ = Number of Genes in the
Biological Process.
GO-Processes associated with each disease were identified by measuring the overrepresentation of GO-Processes in the corresponding gene set by using the hypergeometric
test, and corrected for multiple testing using the Benjamini-Hochberg test. To minimize falsepositives, a minimum membership of at least 3 genes was required for a GO-Process to be
considered significant as it was observed that GO-Processes with 1 or 2 genes were highly
likely to have artificially low p-values. To find a suitable p-value cut-off for associating a GOProcess with a disease, GO-Processes were first extracted at multiple p-value cut-offs of 0.05,
0.01, 0.005, 0.001 and 0.0001. This resulted in a disease being annotated with sets of
biological processes at different stringencies.
A common denominator of various diseases is the set of genes that participate in the
immune response such as B/T-cell proliferation, chemotaxis and regulation of isotype
switching. This is because whenever an infection occurs in the body, the immune system
responds by trying to kill the infection. These processes, though not very specific to disease
etiology, can give artificially high scores if raw frequencies are used. To minimize the
obfuscating effect of such commonly used terms on the similarity score between diseases,
each GO-Process used in the calculation of the similarity score was normalized by its
information content in the GO-Process graph and its information content in disease space as
defined in Eq. (15).

NF

ICGO( P) ICDIS( P)
*
MaxICGO MaxICDIS

Equation 15: Normalization Factor
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Where NF is the Normalizing Factor for the GO-Process, ICGO is the information content of
the GO-Process P in the entire GO-Graph, and ICDIS is its information content in disease
space. MaxICGO and MaxICDIS are maximum information contents in GO-Graph and Disease
Space respectively. The values obtained for similarity between biological processes was
multiplied by the corresponding Normalization Factor.
In the PIB approach, the similarity between a pair of diseases was calculated by
considering only the common processes. A self-similarity score was computed for each
process using Eqs 9 & 10, and then averaged to yield a disease similarity score. From figure
19, the self similarity scores for P1and P2 are calculated and averaged. An example of a GOprocess that would be included in PIB estimation of the similarity between Alzheimer's and
Schizophrenia is „neurotransmitter biosynthetic process‟ (GO:0042136) as both the
corresponding gene sets are enriched in this. These diseases have a total of 9 identical
processes as shown in Table 4.
Table 4: Common Biological Processes between Alzheimer's & Schizophrenia
GO-Process
acetylcholine receptor signaling, muscarinic pathway
dopamine catabolic process
neurotransmitter catabolic process
neurotransmitter biosynthetic process
synaptic transmission, cholinergic
positive regulation of synaptic transmission
regulation of synaptic plasticity
axonogenesis
positive regulation of mitosis
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In the PSB approach, in addition to the common GO-processes (P1 and P2 in figure
19), the similarity between non-identical processes between 2 diseases (P4 and P6 in figure
19) was also used to calculate similarity. The similarity between each pair of GO-Processes
was computed using Eqs. (9) and (10). The similarity between a pair of diseases (entities) was
computed by integrating the similarity between corresponding GO-Processes (attributes) using
Eq 11. For example, Table 5 illustrates the similar biological processes between Alzheimer ‟s
disease and Schizophrenia.
Table 5: Similar Biological Processes in Alzhemer's and Schizophrenia
Alzheimer's Disease

Schizophrenia

regulation of dopamine secretion

synaptic transmission, dopaminergic

positive regulation of neurotransmitter secretion

regulation of neurotransmitter secretion

regulation of neurotransmitter secretion

positive regulation of neurotransmitter secretion

dopamine receptor signaling pathway

synaptic transmission, dopaminergic

negative regulation of protein secretion

negative regulation of cytokine secretion during
immune response

negative regulation of cytokine secretion during

negative regulation of protein secretion

immune response
regulation of glucose import

glucose transport

glucose transport

regulation of glucose import

From table 5 consider row 5 (bolded and italicized), process „synaptic transmission,
dopaminergic‟ (GO:0001963) in Alzheimer's is estimated by PSB to be similar to „dopamine
receptor signaling pathway‟ (GO:0007212) in Schizophrenia, and would therefore be
included, in addition to common processes, in calculating the similarity between the 2
diseases. It is important to note that, even though the similarity between these terms appears to
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be trivially intuitive, these terms are not obviously related in the GO hierarchy; their nearest
common ancestor is the root term „biological process.‟ These diseases have 20 pairs of similar
processes, in addition to the 9 common processes.
PSB and PIB scores were converted to p-values by comparing them with a
corresponding null model – 20,000 random disease pairs from disease ontology. Crossvalidation on a benchmark set of diseases (Appendix 3) was used to determine the optimal
combination of disease similarity p-value cut-off and hypergeometric cutoff for process
enrichment as shown in Appendix 4. It can be seen that based on the benchmark set, the
hypergeometric p-value for associating a biological process with a disease is 0.005 and the pvalue cutoff for the disease similarity score is 0.035.
6.5 Validation Set
Studies on disease similarities often report their findings without using a test set to
validate the accuracy of the predictive method used. A notable exception is a series of studies
on semantic relatedness verified by physicians, medical residents or coders [75-77]. However,
most of the terms used in the studies refer to non-disease terms, and the few pairs of terms that
represent disease-disease pairs often represented dissimilar pairs. To evaluate the disease
similarity method Dr. Deendayal Dinakarpandian MD, PhD. curated set of 68 known pairwise
similarities among 36 diseases. This was taken as a benchmark to compare different
approaches to assess disease similarity. This was based on the diseases analyzed in the study
by Suthram et al. [71] with the addition of common diseases like asthma, hypertension and
lipid disorders. Cancers were omitted as a large number of secondary biological processes are
affected. The guiding principle for classifying a pair of diseases as being related was that the
knowledge of one could potentially help in the management or treatment of the other. A
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disease pair was marked as similar if it was reported in a textbook, review paper in a peerreviewed mainstream journal, or multiple independent journal articles and met at least one of
the following conditions: a) Have common underlying pathophysiology that causes or
increases the risk of both diseases b) Both diseases could result in a common metabolic
signature or biochemical phenotype c) One of the diseases could increase the risk of the
second one, e.g., diabetes mellitus increasing the risk of nephropathy or HIV infection
increasing the risk of tuberculosis. Isolated reports of weak correlations based on statistical
studies of clinical records were not taken as evidence of disease similarity. The complete
validation set is given in Appendix 3.
6.6 Test Set
A

published

dataset

(available

at

http://rxinformatics.umn.edu/SemanticRelatednessResources.html) based on the judgment of
medical residents [77] on the semantic relatedness of medical terms was used as an external
test set. Out of the 587 pairs of UMLS concepts, the majority involve symptoms and drugs,
for example, “Lipitor-Zocor” or “Heartburn-Protonix.” Only 76 were found to be disease
pairs, where disease is defined as a term that maps to the Disease Ontology. Of these, 27 pairs
of diseases remained after filtering for GO Process enrichment (Processes having at least 3
associated genes AND p-value ≤ 0.005). The list of 27 disease pairs is given in Appendix 5.
UMLS-Similarity tools [76] were used to estimate semantic similarity and semantic
relatedness [75] for these disease pairs and compared with the process-based similarity
method.
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6.7 Verification using Available Disease Data
In the previous sections we illustrated how the genes were used to extract biological
processes involved in the disease. Also we noted that all the genes need not be involved in the
actual disease manifestation. So to check if there is experimental evidence, we extracted
publically available experimental gene data (microarray data) relating to diseases and found
the biological processes affected in the data. This was compared to the biological processes
obtained using the PSB and PIB methods.
Microarrays [78] are used to query gene sequences and measure their expression
levels. The gene expression is analogous to the amount of gene and is represented by a (real
number. Typically gene expression from diseased individuals is compared against normal
healthy individuals and genes that show a differential expression are used for further analysis
for example their membership in biological processes and pathways. Since this type of data
generation is expensive, in most cases no more than 3 replicates for a sample are generated.
Using a significance test like t-test to distinguish between 3 replicates of diseased sample
versus 3 replicates of healthy samples can be prone to errors as the t-test assumes normal
distribution. A normal distribution cannot be assessed from 3 replicate samples rendering the
t-test to false positives and false negatives. To overcome this limitation, the fold change or
change in the gene expression of diseased sample to healthy (control) sample is measured. A
positive fold change indicates a higher level of gene expression in diseased sample compared
to control. As shown in Figure 19, microarray datasets mentioned in Suthram et al (2010) that
had both disease and control (normal) data were extracted from NCBI-GEO [79]. In addition,
a dataset for Asthma was also extracted (GSE470). Expression values were calculated using
RMA [80] if CEL files were available; otherwise the existing values were transformed to log
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2. In case of multiple probesets for a gene, the probeset with the highest inter-quartile range
was selected. Please note this is not experimental validation of the findings from PSB. The
true validation would be conducting specific experiments on organisms on specific biological
processes.

Figure 20: Computation of significant fold changes of Biological Processes

To find if a GO-process is significantly regulated in a disease, the fold change (average
expression value in diseased samples/average expression value in control samples) for a GOprocess was compared with average fold change of random sampling of genes from the
experiment. Fold change provides a rough estimate of the change in gene expression in
diseased samples compared to control samples. Genes with high fold change in positive or
negative directions have a high likelihood of being involved in the disease. The fold change of
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a GO-Process was calculated by averaging the fold changes (fc) of the individual genes. Thus
a disease was represented as a set of biological processes as shown in Figure 20. As a null
model, fold changes for 1000 randomly selected gene-sets of variable size were estimated for
each disease. A fold change p-value for a GO-Process was calculated as the percentage of
random gene-set fold changes greater/lower than that of the fold change of the GO-Process,
depending on whether the value was positive/negative. To further contrast the GO-Process pvalues of similar diseases detected by PSB and PIB approaches, a null model was constructed
using 1000 random GO-Processes. The p-value for each random GO-Process was determined
using the fold change method described earlier for each disease. The median p-value among
diseases was associated with the random GO-Process. Finally, the set of p-values obtained for
random GO processes were compared to the p-values obtained from PSB and PIB approaches.
6.8 Results
The performance of GIB, PIB and PSB was assessed using the curated validation set.
To contrast the difference between PIB and PSB, biological processes obtained from actual
experiments (microarray gene expression) was used. Finally an external test set created by
medical residents (test set) was used to compare the performance of various ontological
similarity measure describe in chapter 3 against PSB.
6.8.1 Performance on Validation Set
Using the68 known pairwise similarities among 36 diseases the performance of PIB,
PSB and GIB approaches was assessed. A representative sample of disease pairs with
corresponding p-values is shown in Tables 6 and 7.
Recall and precision were estimated based on the optimal combination of cutoffs for
associating a process with a disease, and for the disease similarity score threshold (refer
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appendix 4, 5). As shown in Figure 21, In the PSB approach, hypergeometric p-value≤0.005
and score p-value≤0.035 had the best performance with f-score=0.61 (Recall=56%,
Precision=63%). In the PIB approach, hypergeometric p-value≤0.001 and score pvalue≤0.081 had the best performance with f-score=0.38 (Recall=29%, Precision=58%).
Disease similarities calculated using the extent of gene overlap (GIB) (hypergeometric pvalue<0.05) resulted in f-score=0.27 (Recall=88%, Precision=16%).

Figure 21: Recall-Precision graphs for Disease Similarity obtained from PSB
(Hypergeometric p-value≤0.005), PIB (p-value≤0.001) and GIB (p-value≤0.05) approaches.
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While GIB seems to perform almost as well as PSB in detecting the presence of
disease similarity, it suffers from poor precision. In other words, it suffers from a large
proportion of false positives. A comprehensive summary of the performance of GIB, PIB and
PSB approaches is plotted as Recall/Precision curves in Figure 21 (Recall and Precision plot
is shown rather than a receiver operating curve (ROC) as the number of True-Negatives is
much higher than True-Positives). The area under the curve for the PSB approach is the
highest compared to GIB and PIB.
Table 6: Sample of related disease pairs with p-values for gene based and process based
similarity
Disease1
Alzheimer's Disease
Hyperlipidemia
Polycystic Ovary Syndrome
Asthma
Mental Depression
Hyperlipidemia
Alzheimer's Disease
Infertility, Male
Diabetic Nephropathy

Disease2
Schizophrenia
Diabetes Mellitus
Diabetes Mellitus
Diabetes Mellitus
Schizophrenia
Brain Diseases, Metabolic, Inborn
Bipolar Disorder
Obesity
Diabetes Mellitus

GIB
0
0
0
0
0
0.04
0
0.06
0

PIB
0.040
0.103
0.185
0.010
0.262
0.127
0.002
0.261
0.174

PSB
0.008
0.023
0.040
0.041
0.024
0.062
0.039
0.053
0.058

Pubmed identifiers, with supporting evidence type in parenthesis, for the first 8 disease
pairs reported in Table 6 are 15236409 (a), 9787748 (c), 18230193 (a), 21083567 (a),
20371230 (a), 17552001 (a), 17401045 (b), and 20157305 (b). The last pair is trivial as
diabetes is known to cause kidney failure.
When a pair of diseases has few identical processes, the resulting disease similarity
score may be low. For example, Diabetic nephropathy and Hyperlipidemia only share
„triacylglycerol metabolic process‟ (GO:0006641). A consideration of similarity, and not just
identical processes reveals that „cholesterol transport‟ (GO:0030301) in Diabetic
Nephropathy shares similarity with „cholesterol efflux‟ (GO:0033344) and „phospholipid
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efflux‟(GO:0033700) in Hyperlipidemia. Another example is the association of Male
Infertility with Obesity (Table 6 row 9) despite having no identical process matches. Process
similarities between Male Infertility and Obesity involve „triacylglycerol metabolic process‟
(GO:0006641), „follicle-stimulating hormone secretion‟ (GO:0046884) and „regulation of
insulin secretion‟ (GO:0050796). Other interesting disease pairs include Rheumatoid Arthritis
and Diabetes Mellitus (not shown). Patients with Rheumatoid Arthritis have increased risk to
type-2 diabetes as systemic inflammation can cause insulin resistance [81]. Some of the
significant process pairs between the 2 diseases are „positive regulation of MHC class II
biosynthetic process‟ (GO:0045348), „negative regulation of osteoclast differentiation‟
(GO:0045671), „positive regulation of B cell proliferation‟ (GO:0030890) and „fibrinolysis‟
(GO:0042730). Another disadvantage of considering only identical processes is that it can
give an artificially high score based on rare matching processes that are not relevant to disease
etiology, e.g., spurious association of Huntington‟s disease with Hamman-Rich syndrome
based on the common process „protein oligomerization‟ (GO:0051259). Studying processes in
common between diseases can potentially help in borrowing treatment for one disease from
another. An interesting example is the drug Donepezil (DrugBank ID: DB00843), which is
effective in Alzheimer‟s by targeting genes in the "muscarinic acetylcholine receptor signaling
pathway" (GO:0007213). Process-based disease similarity shows that this is the top hit among
shared processes between Alzheimer‟s and Schizophrenia (Table 6, row 2). In fact, though its
effectiveness is inconclusive [82], Donepezil has been used in several clinical trials for
Schizophrenia. Thus, there are several advantages to incorporating the semantic similarity
between processes in assessing similarity between diseases.
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Table 7: Sample of unrelated disease pairs with p-values for gene based and process based
similarity
Disease1
Schizophrenia
Multiple Sclerosis
Endometriosis
Multiple Sclerosis
Endometriosis
Sarcoidosis

Disease2
Polycystic Kidney Diseases
lipid disorder
Aortic Aneurysm
Asthma
Diabetes Mellitus
Asthma

GIB
0
0
0
0
0.020
0.020

PIB
0.050
0.051
0.331
0.031
0.026
0.074

PSB
0.133
0.182
0.257
0.025
0.034
0.031

Table 7 shows a sample of unrelated diseases. GIB predicts all of these as having a low
probability of being unrelated, i.e., makes an incorrect prediction for all of them. While PSB
does better, it yields lower p-values for the last three entries in the table; false positives
persist, though less than in a gene-based assessment (GIB). Although restricting the use of
GO-Processes by using an arbitrary level in the GO hierarchy as cutoff has been shown to be
detrimental [83, 84], we observed that performance of PSB improved (f-score=0.61) when
GO-Processes < level 5 were discarded (data not shown). This is due to association of many
abstract GO-Processes to diseases with low p-values.
6.8.2 GO-Processes in Experimental data
As discussed in section 6.7, microarray gene expression data was used to evaluate PSB
and PIB methods. Disease pairs detected by PSB (10 pairs) and PIB (11 pairs) methods had
publically available microarray data. P-values of the top 3 GO-Processes were computed
using the method described in section 6.3 and compared with random GO-Process p-values
using the non-parametric Wilcoxon rank sum test. The GO-Process p-values obtained from
PSB approach were found to be significantly different (p-value=0.024). The distribution of pvalues using PIB was not found to be significantly different (p-value=0.178). This indicates
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that the GO-Processes found by the PSB approach between similar diseases are significantly
regulated in gene expression microarray datasets.
6.8.3 Performance on Test Set
The test section discussed in section 6.6 was used to evaluate different ontological
similarity measures in detecting disease similarity. Table 8 lists the Pearson correlation
coefficients between the mean scores of the medical resident test set and those obtained from
PSB and other measures. Table 9 shows scores and verdicts for 10 of the 27 disease pairs from
the resident test set. The complete set is given in appendix 5. Since the expert scores are a
numerical value between 0 and 1600 rather than a Boolean judgment, correlation with the raw
scores from the PSB method was computed.

Table 8: Pearson correlation between mean scores provided by residents and semantic
similarity and relatedness measures
PSB
Pearson
0.733
Correlation
p-value
1.4e05

Lin

Res

Lc

Jc
0.321

Lesk
Adapted
0.562

Vector
Based
0.841

0.529

0.552

0.312

0.004

0.002

0.113

0.101

0.002

3.8e08

Jc = Jiang & Conrath [33], Lesk Adapted = Extended Gloss Overlaps [85], Vector Based =
Semantic Relatedness [38]
From Table 8, it can be observed that the vector-based relatedness measure [38]
(discussed in section 3.5.10) has the highest correlation with numerical scores provided by a
group of medical residents. This suggests that combining relational clues in co-occurrence of
terms is a reliable estimate of disease similarity.
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Table 9: Sample Disease Pairs from Test and Validation Sets
Disease 1

Disease 2

Resident
Scores
Hypothyroidism Goiter
1424
Ischemias
Arteriosclerosis 1399.5
Angina
Atherosclerosis 1357.75
Pneumoniae
Influenza
1354
Meningitis
Encephalitis
1325.75
Ischemia
Epilepsy
477.5
Influenzae
Atherosclerosis 416
Epilepsy
Cataract
361
Cataract
Pancreatitis
345.5
Cardiomyopathy Osteoporosis
326.25
Polycystic
Diabetes
NA
Ovary
Mellitus
Syndrome
Asthma
Diabetes
NA
Mellitus
Male Infertility Obesity
NA

Vector
Based
0.9006
0.9015
0.8284
0.581
0.8057
0.4005
0.3208
0.3678
0.3413
0.3208
0.619

PSB
Scores
1.0494
1.4226
1.4922
1.0023
1.0334
0.28
0.1265
0.1222
0.0239
0.2191
0.7694

PSB
Decision
Yes
Yes
Yes
Yes
Yes
No
No
No
No
No
Yes

0.462

0.8143

Yes

0.3452

0.7523

Yes

Table 9 lists 13 pairs of diseases, 5 related (rows 2-5), 5 unrelated (rows 6-10) from the
test set and 3 pairs (rows 11-13) from the validation set. „NA‟ indicates non-availability of
scores. The medical resident scores, vector-based method scores and scores and decisions as
assessed by PSB method are also listed. The findings could not be compared with findings
from experimental data as there were no microarray data sets available for the diseases of the
test set in the public domain. Many of the diseases for which the PSB decision is “Yes” have
well known similarity and hence it has high correlation with the opinions of medical residents
(Table 8).
However, when disease pairs with less obvious similarities from the validation set
were used such as Diabetes mellitus-Polycystic Ovary Syndrome, Asthma & Diabetes mellitus
and Male infertility-Obesity the vector-based measure gave very low scores low scores for the
less obvious similarities compared to as detected by the PSB measure This can be attributed to
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the fact that the vector-based method requires co-occurrence of diseases in literature. The
underlying biological processes need to be factored to estimate disease similarities which have
not been previously investigated. PSB shows the second highest correlation. As expected, the
semantic similarity measures (Lin, Res, Lc and Jc) show lower or insignificant correlations
when compared with semantic relatedness measures (PSB, Lesk adapted and Vector-based).
This is analogous to the evaluation based on biological pathways in chapter 4, where in the
proposed ontological similarity measure outperformed the node-based, edge-based and hybrid
methods.
6.8.4 Comparison with existing methods
Out of the 54 diseases chosen by Suthram et al [71] 41 were found in DO. Cancers
were omitted from the analysis, as were diseases with minimal annotation, resulting in 24
diseases. This contains 21 true disease pairs (Appendix 3 for the complete list). The PSB
method predicted 14 pairs out of which 9 were true (Recall=43% and Precision=65%), while
Suthram et al reported 115, out which 8 are true (Recall=38% and Precision=7%). The pairs
that were correctly detected by both methods are Alzheimer‟s Disease & Schizophrenia,
Alzheimer‟s & Bipolar Disorder, Schizophrenia & Bipolar Disorder and Hyperlipidemia &
Diabetic Nephropathy. Examples of similarity detected by PSB but not by Suthram et al are
Obesity & Polycystic Ovary Syndrome, and Hyperlipidemia & Obesity. Out of the 20 disease
pairs reported by Li et al [73], none were found to be significant using the PSB method. Out
of 20 associations reported by Wang et al [72], 11 were found to be significant (6 were
trivially related by IS-A relations).
Though some of the disease pairs reported by other studies were found to be
significant by the PSB method, the overlap was poor. This can be attributed to the variety of
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data sources used for computing disease similarities, the nature of annotation and differences
in the methods used. Wang et al used only OMIM as the source of gene annotation and looked
for identical matches between pathways. Though pathways offer a rich source of annotation,
much of the human genome is not represented. Comparatively, GO-Processes offer higher
annotation coverage and a platform for function inference. Suthram et al (2010) used
microarray gene-expression datasets for estimating disease similarity. While microarrays
measure the overall response of the disease, it is susceptible to noise which is exacerbated by
relatively small sample sizes for each disease. Microarrays include the measurement of many
incidental features of a disease like immune response and secondary effects. This could mask
the primary genes that cause the disease. The authors note that targets for potential
repositioning of drugs between diseases were often immune-response related processes. Li et
al use phenotypes from OMIM to link diseases. The phenotypes can be abstract and have a
strictly genetic pre-disposition. Many of the reported disease similarities share an IS-A
relationship in DO.
6.9 Conclusion
Similarity between diseases has previously been computed between flat lists of shared
genes [86], pathways [72] or functional modules [71]. We have shown that incorporating the
similarity between biological processes yields more accurate detection of disease similarity
than explicit gene or process matching. One of the main features that sets the PSB method
from existing disease similarity methods and ontological similarity methods is that it uses the
biological processes involved in the disease and is not dependent entirely on the ontological
structure for disease similarity assessment.
Understandably, it is difficult to identify true negatives as this is an active area of
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research with systems-level analysis continuing to reveal previously unknown relationships.
However, this makes it difficult to evaluate the true effectiveness of various methods. By
creating and using a benchmark set, we have systematically evaluated the performance of the
proposed measure. It would be worthwhile to establish a curated data set, such as the one in
this paper but larger in size, that has both true positives and negatives delineated in a causal
context by collaborative efforts that could help in benchmarking different methods in the
future.
6.10 Limitations and Future Work
The ontological term similarity measure tends to overestimate similarity between a
pair of terms that are rare/poorly annotated as the average information content is high even
though the co-occurrence score is compensated by the average of maximum scores. We have
used genes from OMIM, GeneRIF and Swissprot data sets in this approach. While OMIM and
Swissprot offer high quality annotation, GeneRIF covers a wide variety of gene-disease
relationships reported in the literature. Consequently, a disease is not only annotated with
causal genes but also ancillary genes associated with its symptoms. As discussed in section
6.4.1.2, the genes related to immune response can confound the interpretation of observed
disease similarity. The PSB approach has a bias towards well annotated diseases as it requires
at least 5 genes to be involved in as disease and at least 2 genes to be in the biological process.
This was done to minimize false positives in using the hypergeometric distribution, diseases
were required to have at least 5 genes [83]. Hence relationships among diseases that are
sparsely annotated cannot be inferred; this is unfortunate as understanding the etiology of such
diseases is particularly important. At the other end, a large number of genes annotated to a
disease also tend to bias the disease similarity score as many biological processes are affected.
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Future work includes extracting annotation from more databases like DBGap [87],
gene expression data and incorporate information regarding single nucleotide polymorphisms
and a score for the degree of gene‟s involvement in the disease.
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CHAPTER 7
USE OF ONTOLOGIES FOR DRUG REPOSITIONING
7.1 Introduction
In the past decade, there have been fewer drug approvals than in previous ones along
with frequent drug recalls [88]. The high cost of new drug development is partly to blame for
this. Drug repositioning, making alternative uses of drugs outside their original indication can
drastically offset drug development costs. Although drug repositioning has been done for a
long time, many of them have been serendipitous discoveries [6] or on observable clinical
phenotypes. Making clinical decisions based solely on observable phenotypes can be risky
and lead to sub-optimal treatment. On the positive side, new high-throughput techniques and
better methods for data analysis have enabled a detailed understanding of disease etiology and
its underlying cellular subsystems.

Figure 22: Sub-graph of Protein-Protein Interaction Network
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Genes form proteins, which interact among themselves to perform certain functions.
Proteins interact with each other to form networks call ed protein-protein interaction networks
(PPI). The pathways and biological processes are essentially interactions between proteins.
Interactions between thousands of proteins has been documented [89]. Figure 22 from
http://www.ncbi.nlm.nih.gov/pmc/articles/PMC2603135/ shows a subset of interactions
between proteins.
The biological knowledge from protein-protein interaction (PPI) networks [90] and
biomedical ontologies has accelerated development of network-based approaches to
understanding disease etiology [91, 92] and drug action (network pharmacology) [93]. This
has increased the possibility of finding new disease-drug relationships for existing drugs [6].
If the underlying pathophysiology of the disease and knowledge of the mechanism of drug
action is used to make decisions on drug repositioning, it can potentially lead to better
treatment with lower side effects. In this chapter we demonstrate the use of ontologies and
network analysis methods to find biological processes that are important for disease etiology.
These findings are then used to predict candidates for drug repositioning. The predictions are
validated against existing clinical trials.
7.2 Related Work
In related work on drug repositioning, Gloecker et al [94] used informed insights and
high-throughput assays to test the drug closantel resulting in its being used for onchocerciasis.
Chiang & Butte [95] connected all diseases that shared a drug and made inferences on new
drug-disease pairs using guilt-by-association and checked the associations against clinical
trials. Qu et al [96] present an rdf-framework with controlled vocabulary using various
knowledge sources on pathways, drugs and diseases. Dasika et al [97] identified all proteins
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affected by targeting a specific protein in the network and used a constrained downstream
problem to find if a GO-Process is affected. Additionally, network-based methods have been
employed to find combinations of drug to treat a disease, discovering new drug targets [98]
and finding potential drug side effects. Network properties like degree, centrality, cutsets,
articulation points can be used to quantify a gene's influence on a network [99] and used to
study the extent of a drug‟s influence on the network [100]. Recent examples of drug
repositioning include use of an existing antiulcer drug Cimetidine as a candidate therapeutic in
the treatment of lung adenocarcinoma [101] and Topiramate, an anticonvulsant for
Inflammatory Bowel Disease [102].
7.3 Method
Using the methods described chapters 5 (section 5.2) and chapter 6 (section 6.4), we
determined the genes and their associated biological and biological processes involved in a
disease respectively. These Disease-Process associations and existing Disease-Drug-Drug
Target information were then used to compile a list of biological processes affected by each
drug. The drug target's role in each biological process is then estimated using protein-protein
interaction networks by computing its centrality among the proteins in the GO-Process
subnetwork. A list of refined Process-Drug pairs is obtained after selecting for drug targets
that exhibited high centrality in the respective processes. Using these pairs and DiseaseProcess pairs, new Disease-Drug pairs are predicted. They are validated by searching for the
presence of corresponding clinical trials listed at http://www.clinicaltrials.gov.
7.3.1 Data Sources
As explained in chapter 4, disease-Gene associations were derived from Swisprot
disease text (3000 lines), disease-gene associations from GeneRIF, and heading and sub86

headings from OMIM disease records. Disease Ontology (DO) [9] and UMLS vocabularies
(SNOMED-CT, NCI, MeSH, ICD-9) were used as controlled vocabulary for disease names.
GO-Process ontology (March 2010) was used for the biological processes associated with
diseases. To increase the precision of the predictions, only experimentally derived annotations
were used; the annotation of genes to GO-Processes that were computationally inferred was
not considered. Drugbank [103] was used to find Disease-Drug and Drug-Drug Target (genes)
associations. The 'Indication' field of approved drugs from Drugbank was used as it
consistently provided unambiguous text of diseases being treated with the drug that could be
automatically mapped. Figure 23 shows an example of the Drugbank record for the drug
Donepezil. It is an approved drug for Alzheimer‟s disease. The drug target is ACHE gene
(Acetylcholinesterate).

Figure 23: Drugbank Record for Donepezil
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Protein-Protein Interaction network was extracted from Pathway Commons
(www.pathwaycommons.org) that integrates information from 1400 pathways in humans.
A clinical trial is used to test the efficacy of the drug. Usually drug development is a 5
stage process and the clinical trial is the last stage. It is the most important stage as it resuts in
approval or rejection of the drug. In a clinical trial, the drug is tested on individuals having the
disease and the results are monitored. Useful details such as study design, eligibility criteria
for participation besides disease and drug details of the clinical trials for various diseases are
listed at http://clinicaltrials.gov/. Figure 24 shows an example of a clinical trial record with the
disease name (gestational Diabetes Mellitus), drug (metformin) and eligibility criteria for
participation.

Figure 24: Example of a Clinical Trial Record
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85,254

clinical

trial

records

in

XML

format

were

downloaded

from

http://clinicaltrials.gov/. Figure 25 shows an example subsection of a clinical trial record
(http://clinicaltrials.gov/ct2/results?term=NCT01171456) in XML format, in which a drug
Metformin is tested for its efficacy against gestational diabetes. Two fields that give the
disease name, <condition> (highlighted in purple) and drug name <intervention_name>
(highlighted in green) fields were used for diseases and drugs respectively. The dataset
included ongoing, completed or discontinued clinical trials.

Figure 25: Example of Clinical Trial Record (subsection)

7.3.2 Associating Genes to Diseases
Gene-disease associations were pooled from multiple sources since there is variable
coverage of disease terms in different ontologies. For example, though MeSH has broad
coverage on a variety of subjects, it has several missing terms and lacks detail in the disease
section. To overcome this, the Disease Ontology (DO ver. 3) vocabulary was augmented using
UMLS (MeSH, SNOMED-CT, ICD9) as described in [86] and chapter 5 (section 5.2). To
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increase the amount of annotated data available, Disease-Gene associations from OMIM,
Swissprot and GeneRIF were pooled together as explained in chapter 5 (section 5.4).
7.3.4 Mapping Text to Controlled Vocabulary
MetaMap was used to map disease text to UMLS identifiers with 7 semantic types
indicated in [86]. The disease text included text in 'Indication' field from Drugbank and text
from <Condition> field in clinical trial records. A score of >=850 was used as a filter to
minimize the occurrence of false positives while sacrificing recall. The cutoff score was
chosen by examining results and at the score of 850, the precision was 98%. The diseases
terms were mapped back to DO identifiers. The drug names in clinical trials and Drugbank
were mapped to UMLS's RxNorm [104] vocabulary using MetaMap. Thus disease and drug
names from Drugbank were converted into controlled vocabulary terms in DO and RxNorm.
7.3.5 Association of Drugs with GO-Processes
GO-Processes associated with each disease were identified by measuring the overrepresentation of GO-Processes in the corresponding gene set by using the hypergeometric
test, and corrected for multiple testing using the Benjamini-Hochberg test as explained in
chapter 6 (section 6.4). GO-Processes with a p-value cut-off of 0.005 (see appendix 5 for
evaluation of p-value cutoffs) were extracted and only the most specific were associated with
each disease. For example, in Figure 26a, disease D1 is shown to be associated with Processes
GO1, GO2 and GO3.
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26a) Drug-GO-Process Associations

26b) Sub-networks of a GO-Process

26c) Predicting new Drug-Disease Associations
GO-Processes – Drugs

Disease - GO-Processes
GO1
D2
GO3

GO1 - drg1
GO2 - drg1
GO3 - drg2

drg1
D2

Speculative Drug-Disease pairs

drg2

Figure 26: Methods involved in predicting Drug-Disease associations.
„GO‟=GO-Process; „g‟=Gene, „D‟=Disease and „drg‟=Drug. Figure 26a: Disease D1 is
associated with GO1 which has gene „g1‟ as the drug target identified from Drugbank.
Process GO1 is associated with drg1. Figure 26b: Example of 2 sub-networks for a GOProcess with genes g1, g2, g3, g4, g5, g6 where g3 is the drug target. Figure 26c: Predicting
new Drug-Disease associations from GO-Process – Drugs and Disease-GO-Process
associations.
The disease-drug-drug target pairs from Drugbank and disease-GO Process pairs were
used to associate drugs with GO-Processes. The drug was mapped to a GO-Process if it
contained the drug target. To avoid false pairings, the association was made only if the drug
targeted the same disease as the GO-Process was enriched in. For example, in Figure 26 a &
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b, using information from Disease D1, associations GO1-drg1, GO2-drg1 and GO3-drg2 were
derived. However, GO3-drg4 or GO1-drg5 are not accepted since, even though the drug target
is contained in the GO-process, the drugs are associated with a different disease.
7.4 Extraction of GO-Process Subnetwork
As the hypergeometric test assumes independence of entities (genes in the disease),
many GO-Processes tend to get associated with a disease resulting in many drug-GO-Process
associations. This increases the possibility of false associations. To overcome this, we use
protein-protein interaction networks to find the influence of the drug target in the GO-Process.
The sub-network relating to a GO-Process is extracted by computing shortest paths between
every pair of genes in the PPI. Intermediate genes (g7 in figure 26b) are also considered to be
part of the sub-network. The assumption is made that each gene in a subnetwork has equal
potential to regulate or disrupt it and a pair of genes is most likely to interact through the
shortest path. If the sub-network is considered as a biological module involved in the disease,
the gene through which a lot of communication occurs can be considered as a potential drug
target [105]. Betweenness centrality [99], which is basically the ratio of shortest paths going
through a given node to all possible paths in the network gives the centrality measure of a
vertex in a graph. The strength of a gene is defined as the ratio of its centrality over the
average centrality of genes in the sub-network. For example, in figure 26b, centrality of gene
'g3' is high in both scenarios, whereas the degree is lower in the 2nd case. The Drug-GOProcess associations were filtered by using a cut-off of strength > 1.
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7.5 Prediction of new Drug-Disease pairs
Using the Drug-GO-Process pairs and Disease-GO-Process pairs, Drugs are associated
with Diseases. In figure 26a & 26b, given that disease D2 is associated with processes
GO1and GO3, it is subsequently associated with drg1, 2 and 3 as shown in figure 26c. The set
of such associations are the predicted Drug-Disease pairs. In this way, 2222 Drug-Disease
associations were made between 169 diseases and 76 drugs.
7.6 Validation using Clinical Trials
Existing Drug-Disease associations that present in Drugbank were removed from the
list of predicted Drug-Disease, leaving only purely predicted pairs. Out of the 2222 predicted
Drug-Disease associations, 144 (6.4%) were found to be in Drugbank leaving 2078 new drug
repositioning candidates. To evaluate the accuracy of the method the predictions were
checked against clinical trial records.
7.7 Results
The results relating to the mapping of text from clinical trials and drugbank to Disease
ontology and RxNorm are presented. Using the method described be 7.4 and 7.5 biological
processes are associated to drugs and then drugs are associated to diseases using the biological
processes involved in the disease. Finally the predicted drug-disease pairs are evaluated by
their presence in clinical trials.
7.7.1 Mapping Text using MetaMap
Disease-related terms from the disease text in the „Indication‟ field in Drugbank and
<condition> entry of clinical trials were extracted using MetaMap. A random sample of 50
mappings from each was taken and the precision was found to be 94% in case of Drugbank
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and 98.7% in case of clinical trials. The high precision was mainly due to the high score cutoff
(>=850) and other improvements suggested in [20]. The disease text from clinical trials
consisted mostly of 1-2 words, hence the higher precision. The text related to drugs from
Drugbank and clinical trials were mapped to RxNorm terms. The precision was 100% in case
of Drugbank and 99% in clinical trials. Since the drug text mostly included only drug names,
recall was 98% and 96% respectively. 1322 of 1398 approved drugs had a corresponding
RxNorm identifier. Recall was not calculated for the disease text due to the vast of disease
vocabulary. From a previous study involving disease text from Swissprot [20], we estimate it
to be approximately 72% in disease text. Recall was sacrificed for precision, as we tried to
avoid incorrect Drug-Disease mappings.
7.7.2 Disease, Drug, GO-Process Associations
1698 drug-disease associations between 948 approved drugs and 581 diseases (DO
terms) were extracted from Drugbank. A total of 40,731 clinical trials were associated with
1920 diseases and 792 drugs. 1188 diseases from DO were found to be enriched in 1480 GOProcesses totaling 75195 associations described in section 7.4. Using the drug-disease and
disease-GO-Process associations, 1424 associations between 63 diseases, 147 GO-Process and
226 drugs were made. After the GO-Process sub-network analysis, wherein the betweenness
centrality of the drug target was required to be higher than the average centrality of all genes,
a list of 288 Drug-GO-Process associations between 45 GO-Processes and 95 drugs was
created.
7.7.3 Validation using Clinical Trials
The 2078 Drug-Disease associations were checked against drug-disease associations in
clinical trials. 271 out of 2078 (13.08%) were found to be either in a completed or ongoing
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clinical trial (involving 167 diseases and 67 drugs). The GO-Process information content was
used to find the optimal cutoff as shown in Table 10.

Table 10: Drug-Disease pairs found in clinical trials with corresponding GO-Process p-value
cutoffs
GO-Process
Information Content
0.14
0.16
0.18
0.20
0.22
0.28
0.30
0.35

Number of DiseaseDrug Associations
3000
2512
2365
2078
2010
1384
1173
507

% found in
clinical trials
15.13%
16.14%
17.09%
19.25%
19.25%
13.06%
15.15%
12.86%

It can be observed that at p-value cutoff of 0.20, 13% of predicted drug-disease
associations are found in clinical trials. To find if this cutoff is better than random association
of drug and diseases a significance test was performed using randomly paired drugs and
diseases (2078 pairs). These random pairs were checked against clinical trials and the number
of matches was recorded. P-value was defined if the number of matched clinical trials by
random disease-drug pairs exceeded those found from the described method. This was done
1000 times and the resulting p-value was 0. This shows that the drug-disease associations are
not random.
Some of the Drug-Disease associations that had a clinical trial along with the GOProcess are presented in Table 11. Refer appendix 6 for the complete list.
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Table 11: Drug-Disease pairs found in clinical trials with corresponding GO-Process p-value
cutoffs
Disease

Drug

GO-Process

Alzheimer's
Disease
Obesity

Aripiprazole

Synaptic transmission, dopaminergic

Metoprolol

G-protein signaling, coupled to
cAMP nucleotide second messenger

Polycystic Ovary
Syndrome

Metformin

Regulation of fatty acid metabolic
process

Coronary
Arteriosclerosis
Cerebrovascular
Accident

Telmisartan

Regulation of vasoconstriction

Alteplase

Negative regulation of blood
coagulation

The gene target of Aripiprazole (used to treat schizophrenia [19]) has been found to
have high betweenness centrality in the GO-Process “Synaptic transmission, dopaminergic.”
This GO-Process is also involved in bipolar disorder, dementia and Alzheimer's disease,
making it an attractive drug for repositioning. Telmisartan is an angiotensin II receptor
antagonist (ARB) used in the management of hypertension.. Regulation of vasoconstriction is
a process affected in myocardial infarction, Coronary Arteriosclerosis and other cardiac
related disorders. Metformin improves glycemic control by improving insulin sensitivity and
decreasing intestinal absorption of glucose and is used to improve glycemic control in type 2
diabetics [19]. Its target in regulation of fatty acid metabolic process was found to have high
centrality and could be used to treat PCOS. Some of the limitations of this approach are lower
recall rates among disease text, which leads to lower disease-drug associations. The
betweenness centrality measure eliminates false positives, but is a harsh threshold as it causes
a decrease in recall.
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7.8 Conclusion and Future Work
We have used the biological processes affected in a disease and existing disease-drug
associations to predict new disease candidates for existing drugs. This is done using
ontologies to match between biomedical text and network analysis of existing drug targets.
We have used betweenness centrality measure to find the relevance of a gene in the GOProcess sub-network. This appears to help in improving the accuracy of predicted diseasedrug associations. Without using this step, only 8% of predictions were found to correspond to
a clinical trial (data not shown). In contrast, incorporation of the betweenness centrality
resulted in a verification rate of 13.08%. Future work includes using additional network
measures in conjunction with pathway data to check the importance of drug target genes in the
network, thus increasing recall. Also incorporation of experimental data such as microarrays,
single nucleotide polymorphism data can improve the accuracy of predictions.
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CHAPTER 8
FUTURE DIRECTIONS–PERSPECTIVE FROM PHARMACEUTICAL INDUSTRY
This chapter briefly presents the use of research discussed in the dissertation in
pharmaceutical industry setting. Although the pharmaceutical industry‟s primary focus is to
find biomarkers and develop drugs, much thought has gone into personalized medicine. There
is a large amount of clinical data that has not been exploited and this coupled with personal
molecular data can be used towards personalized or stratified medicine. Since much of this
data is in free text, ontologies will be essential in extracting information. Informatics methods
can then be applied to the structured data to find subsets of populations that have responded to
treatments, their medical histories, socio-economic conditions, etc. This can help in
identification of secondary uses for existing drugs in limited populations, potential side effects
of drugs, their confounding factor, etc. Clinical text is more complex than the biomedical text
as it contains many abbreviations; important temporal data, dosage information, etc are hard
to detect using conventional natural language techniques. Hence there has been an emphasis
on constructing templates which can be used to extract such information.
Another area that is being used by the industry is sequencing of genomes. Highthroughput sequencing [5] has made it possible to detect the genotype of individuals and
understand gene regulation in greater detail. RNA-Seq [106], Chip-Seq [107], DNA-Seq [108]
coupled with informatics and statistical techniques have enabled researchers to conduct a
comprehensive analysis of molecular functions involved in diseases, development and
importantly interaction of the drug molecules with the genome. Unlike traditional sequencing
techniques, these are highly cost effective and fairly accurate depending on the type of tissue
involved. This along with mining of clinical literature can produce instances of personalized
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or stratified medicine, which can bring a transformational change to healthcare and drug
development. Preliminary work in this area [109] has been encouraging and its system-wide
implementation will be beneficial to the communities in terms of health benefit and
potentially result in huge cost savings for the pharmaceutical industry.

APPENDIX
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Appendix 1: Table for the ontological similarity scores

Pathway
path:hsa00511
path:hsa00910
path:hsa00770
path:hsa00790
path:hsa00903
path:hsa00604
path:hsa00630
path:hsa00740
path:hsa00900
path:hsa00920
path:hsa00533
path:hsa00603
path:hsa00120
path:hsa00450
path:hsa00531
path:hsa00100
path:hsa00592
path:hsa00670
path:hsa01040
path:hsa00340
path:hsa00360
path:hsa00512
path:hsa00760
path:hsa00052
path:hsa00410
path:hsa00534
path:hsa00591
path:hsa00640
path:hsa00532
path:hsa00650
path:hsa00970
path:hsa00030
path:hsa00565
path:hsa00020
path:hsa00270
path:hsa00601

Number
of Genes
5
6
7
8
8
9
9
9
9
9
10
10
11
11
11
12
12
12
12
15
15
15
15
16
16
16
16
17
18
18
18
19
19
20
20
20

Mb

Lin

Resnik

Wang

LC

PMI

0.01
0.03
0.01
0.01
0.35
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.02
0.00
0.00
0.17
0.00
0.00
0.37
0.00
0.00
0.02
0.00
0.36
0.00
0.00
0.10
0.00
0.01
0.01
0.00
0.00
0.00
0.01
0.00

0.02
0.08
0.96
0.05
0.31
0.00
0.94
0.13
0.01
0.50
0.08
0.00
0.00
0.43
0.06
0.13
0.00
0.94
0.02
0.47
0.89
0.00
0.92
0.17
0.93
0.00
0.06
0.97
0.00
0.84
0.95
0.00
0.11
0.14
0.67
0.00

0.00
0.00
0.86
0.03
0.19
0.00
0.40
0.02
0.00
0.06
0.00
0.00
0.00
0.02
0.00
0.00
0.00
0.18
0.00
0.15
0.63
0.00
0.93
0.00
0.17
0.00
0.02
0.97
0.00
0.55
0.63
0.00
0.02
0.00
0.00
0.00

0.01
0.02
0.81
0.00
0.01
0.00
0.22
0.48
0.02
0.65
0.00
0.00
0.00
0.82
0.19
0.05
0.00
0.53
0.00
0.02
0.71
0.00
0.81
0.44
0.59
0.21
0.23
0.95
0.00
0.75
0.00
0.00
0.72
0.00
0.11
0.00

0.01
0.09
0.55
0.02
0.80
0.00
0.08
0.00
0.00
0.76
0.00
0.00
0.00
0.14
0.15
0.00
0.13
0.01
0.00
0.57
0.40
0.00
0.34
0.04
0.91
0.00
0.00
0.29
0.00
0.36
0.00
0.00
0.02
0.00
0.17
0.00

0.13
0.04
0.38
0.18
0.37
0.00
0.27
0.00
0.00
0.49
0.07
0.00
0.00
0.35
0.73
0.00
0.38
0.01
0.00
0.77
0.00
0.00
0.09
0.00
0.50
0.00
0.13
0.32
0.00
0.16
0.17
0.00
0.03
0.12
0.37
0.00

100

path:hsa03020
path:hsa00260
path:hsa00380
path:hsa00040
path:hsa00600
path:hsa00620
path:hsa00053
path:hsa00310
path:hsa00051
path:hsa00250
path:hsa00480
path:hsa00563
path:hsa00520
path:hsa00280
path:hsa00561
path:hsa03022
path:hsa03018
path:hsa00350
path:hsa00510
path:hsa02010
path:hsa03030
path:hsa00071
path:hsa00860
path:hsa00983
path:hsa00330
path:hsa00590
path:hsa00562
path:hsa00564
path:hsa00500
path:hsa00140
path:hsa00982
path:hsa00010
path:hsa00830
path:hsa00980

20
21
21
22
22
22
23
23
24
24
24
24
26
28
28
28
29
30
31
31
31
32
33
33
35
35
36
37
38
40
42
43
45
45

0.00
0.13
0.11
0.00
0.00
0.01
0.00
0.14
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00
0.00

0.00
0.61
0.85
0.00
0.05
0.96
0.00
0.20
0.01
0.67
0.96
0.00
0.79
0.88
0.02
0.00
0.00
0.96
0.00
0.00
0.00
0.00
0.16
0.08
0.96
0.57
0.00
0.00
0.07
0.21
0.09
0.00
0.02
0.04

0.00
0.00
0.10
0.00
0.00
0.96
0.00
0.16
0.00
0.00
0.21
0.00
0.00
0.14
0.00
0.00
0.00
0.49
0.00
0.00
0.00
0.00
0.14
0.15
0.68
0.12
0.00
0.00
0.05
0.00
0.40
0.00
0.00
0.07

0.00
0.29
0.42
0.00
0.00
0.81
0.00
0.07
0.00
0.01
0.96
0.00
0.40
0.30
0.01
0.00
0.00
0.88
0.00
0.00
0.00
0.00
0.86
0.45
0.23
0.77
0.00
0.00
0.83
0.75
0.06
0.00
0.10
0.02

0.00
0.54
0.71
0.00
0.00
0.11
0.00
0.64
0.00
0.50
0.57
0.00
0.16
0.03
0.01
0.00
0.00
0.13
0.00
0.00
0.00
0.00
0.35
0.29
0.26
0.35
0.00
0.00
0.00
0.00
0.00
0.01
0.00
0.00

0.00
0.40
0.49
0.00
0.00
0.27
0.00
0.78
0.00
0.01
0.68
0.00
0.00
0.20
0.00
0.00
0.46
0.00
0.00
0.00
0.00
0.00
0.43
0.39
0.16
0.39
0.10
0.00
0.00
0.00
0.00
0.00
0.00
0.00

Appendix 2: Test set of 200 records for evaluating mapping of disease text to Disease
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Ontology
The columns listed from left to right is Gene ID (gene Identifier), MeSH Mapping (MeSH
mapping for the disease term), DO Mapping (Its corresponding mapping in Disease
Ontology), CUI (Concept User Identifier from UMLS) and Metamap Score (Score given by
MetaMap for the mapping). If more than 1 terms was mapped, entries are delimited by „**‟
Gene Id

Disease Text

MeSH
Terms

DO Mapping

CUI

Scor
e

O00305

Defects in CACNB4 are associated with
susceptibility to idiopathic generalized epilepsy
(IGE) [MIM:600669]. IGE is characterized by
recurring generalized seizures in the absence of
detectable brain lesions and/or metabolic
abnormalities. Generalized seizures arise
diffusely and simultaneously from both
hemispheres of the brain. EPILEPSY
IDIOPATHIC GENERALIZED. IDIOPATHIC
GENERALIZED EPILEPSY.
Defects in CACNB4 are a cause of juvenile
myoclonic epilepsy (EJM) [MIM:606904].
EJM is a subtype of idiopathic generalized
epilepsy. Patients have afebrile seizures only,
with onset in adolescence (rather than in
childhood) and myoclonic jerks which usually
occur after awakening and are triggered by
sleep deprivation and fatigue. EPILEPSY
JUVENILE MYOCLONIC. JANZ
SYNDROME. PETIT MAL IMPULSIVE.
Defects in PDHX are a cause of lacticacidemia
[MIM:245349]. LACTIC ACIDEMIA DUE
TO DEFECT IN LIPOYL-CONTAINING
COMPONENT X OF. PYRUVATE
DEHYDROGENASE E3-BINDING
PROTEIN DEFICIENCY. THE PYRUVATE
DEHYDROGENASE COMPLEX.
Defects in TOR1A are the cause of torsion
dystonia 1 (DYT1) [MIM:128100]; also known
as primary or idiopathic dystonia. This
autosomal dominant disorder is the most
common and severe type of dystonia
manifesting itself as sustained muscle
contractions inducing twisting and repetitive
movements and/or abnormal posture.
Symptoms usually begin in the arms or legs at
a mean age of 12 years and progress to other
body parts within 5 years. DYSTONIA 1
TORSION AUTOSOMAL DOMINANT.
DYSTONIA MUSCULORUM DEFORMANS
1. EARLY-ONSET TORSION DYSTONIA.

Epilepsy,
Generaliz
ed

Epilepsy**Epilepsy,
Generalized**Tonic
-Clonic Epilepsy
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Defects in TNFRSF10B may be a cause of
squamous cell carcinoma of the head and neck
(HNSCC) [MIM:275355]. SQUAMOUS
CELL CARCINOMA HEAD AND NECK.

O43520

Defects in ATP8B1 are the cause of progressive
familial intrahepatic cholestasis type 1 (PFIC1)
[MIM:211600]; also known as Byler disease.
PFIC1 is an autosomal recessive disorder,
characterized by early infancy cholestasis, that
may be initially episodic but progresses to
malnutrition, growth retardation and end-stage
liver disease before adulthood. BYLER
DISEASE. CHOLESTASIS FATAL
INTRAHEPATIC. CHOLESTASIS
PROGRESSIVE FAMILIAL INTRAHEPATIC
1.
Defects in ATP8B1 are the cause of benign
recurrent intrahepatic cholestasis type 1
(BRIC1) [MIM:243300]; also known as
Summerskill syndrome. BRIC is characterized
by intermittent episodes of cholestasis without
progression to liver failure. There is initial
elevation of serum bile acids, followed by
cholestatic jaundice which generally
spontaneously resolves after periods of weeks
to months. The cholestatic attacks vary in
severity and duration. Patients are
asymptomatic between episodes, both clinically
and biochemically. CHOLESTASIS BENIGN
RECURRENT INTRAHEPATIC 1.
SUMMERSKILL SYNDROME.
Defects in ATP8B1 can be associated with
intrahepatic cholestasis of pregnancy (ICP)
[MIM:147480]; also known as pregnancyrelated cholestasis. ICP is a multifactorial liver
disorder of pregnancy. It presents during the
second or, more commonly, the third trimestre
of pregnancy with intense pruritus which
becomes more severe with advancing gestation
and cholestasis. Cholestasis results from
abnormal biliary transport from the liver into
the small intestine. ICP causes fetal distress,
spontaneous premature delivery and
intrauterine death. ICP patients have
spontaneous and progressive disappearance of
cholestasis after delivery. CHOLESTASIS
INTRAHEPATIC OF PREGNANCY.
CHOLESTASIS PREGNANCY-RELATED.
RECURRENT INTRAHEPATIC
CHOLESTASIS OF PREGNANCY.

O43520

O43520
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Defects in TGM5 are a cause of peeling skin
syndrome acral type (APSS) [MIM:609796,
270300]. Peeling skin syndrome (PSS) is an
autosomal recessive genodermatosis
characterized by the continuous shedding of the
outer layers of the epidermis from birth and
throughout life. In some cases of PSS, skin
peeling is accompanied by erythema, vesicular
lesions, or, in rare cases, other ectodermal
features, like fragile hair and nail
abnormalities. Two main subtypes,
noninflammatory type A and inflammatory type
B, have been suggested. However, it is clear
from the dermatology literature that there are
additional subtypes. In some families, an acral
form of PSS (APSS) has been reported, in
which skin peeling is strictly limited to the
dorsa of the hands and feet, and, again,
ultrastructural and histological analysis shows a
level of blistering high in the epidermis at the
stratum granulosum-stratum corneum junction.
ACRAL PEELING SKIN SYNDROME.
PEELING SKIN SYNDROME ACRAL TYPE.
DECIDUOUS SKIN. KERATOLYSIS
EXFOLIATIVA CONGENITA. PEELING
SKIN SYNDROME. PSS. SKIN PEELING
FAMILIAL CONTINUOUS GENERALIZED.
Defects in DYSF are the cause of limb-girdle
muscular dystrophy type 2B (LGMD2B)
[MIM:253601]. LGMD2B is an autosomal
recessive degenerative myopathy characterized
by weakness and atrophy starting in the
proximal pelvifemoral muscles, with onset in
the late teens or later, massive elevation of
serum creatine kinase levels and slow
progression. Scapular muscle involvement is
minor and not present at onset. Upper limb
girdle involvement follows some years after the
onset in lower limbs. MUSCULAR
DYSTROPHY LIMB-GIRDLE TYPE 2B.
MUSCULAR DYSTROPHY LIMB-GIRDLE
TYPE 3.
Defects in DYSF are the cause of Miyoshi
myopathy (MM) [MIM:254130]. This type of
autosomal recessive muscular dystrophy
involves the distal lower limb musculature. It is
characterized by weakness that initially affects
the gastrocnemius muscle during early
adulthood. Otherwise the phenotype overlaps
with LGMD2B, especially in age at onset and
creatine kinase elevation. MIYOSHI
MYOPATHY. MUSCULAR DYSTROPHY
DISTAL LATE-ONSET AUTOSOMAL
RECESSIVE.

104

Skin
Diseases,
Genetic**
Skin
Abnormal
ities**Ski
n
Diseases,
Vesiculob
ullous

Skin Diseases,
Genetic

C0037
277

NA

Muscular
Dystrophi
es, LimbGirdle

muscle tissue
disease**disease of
muscle
organ**Myopathy

C0026
848**
C0026
848**
C0026
848

770*
*770
**77
0

Distal
Myopathi
es

Muscular
Dystrophies

C0026
850

NA

O75923

O95684

P01112

P01112

P01112

P01112

Defects in DYSF are the cause of distal
myopathy with anterior tibial onset (DMAT)
[MIM:606768]. Onset of the disorder is
between 14 and 28 years of age and the anterior
tibial muscles are the first muscle group to be
involved. Inheritance is autosomal recessive.
MYOPATHY DISTAL WITH ANTERIOR
TIBIAL ONSET.
A chromosomal aberration involving
FGFR1OP may be a cause of stem cell
myeloproliferative disorder (MPD).
Translocation t(6;8)(q27;p11) with FGFR1.
MPD is characterized by myeloid hyperplasia,
eosinophilia and T-cell or B-cell lymphoblastic
lymphoma. In general it progresses to acute
myeloid leukemia. The fusion proteins
FGFR1OP-FGFR1 or FGFR1-FGFR1OP may
exhibit constitutive kinase activity and be
responsible for the transforming activity.
Defects in HRAS are the cause of Costello
syndrome [MIM:218040]; also known as
faciocutaneoskeletal syndrome. Costello
syndrome is a rare condition characterized by
prenatally increased growth, postnatal growth
deficiency, mental retardation, distinctive facial
appearance, cardiovascular abnormalities
(typically pulmonic stenosis, hypertrophic
cardiomyopathy and/or atrial tachycardia),
tumor predisposition, skin and musculoskeletal
abnormalities. COSTELLO SYNDROME.
FACIOCUTANEOSKELETAL SYNDROME.
FCS SYNDROME. INCLUDED.
MYOPATHY CONGENITAL WITH EXCESS
OF MUSCLE SPINDLES INCLUDED.
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Mutations which change positions 12, 13 or 61
activate the potential of c-ras to transform
cultured cells and are implicated in a variety of
human tumors.
Defects in HRAS are a cause of bladder cancer
[MIM:109800]. BLADDER CANCER.

Defects in HRAS are the cause of oral
squamous cell carcinoma (OSCC).
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Defects in COL2A1 are the cause of a variety
of chondrodysplasia including
hypochondrogenesis and osteoarthritis.
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Defects in COL2A1 are the cause of
spondyloepiphyseal dysplasia congenital type
(SEDC) [MIM:183900]. This disorder is
characterized by disproportionate short stature
and pleiotropic involvement of the skeletal and
ocular systems. SED CONGENITA.
SPONDYLOEPIPHYSEAL DYSPLASIA
CONGENITA. SPONDYLOEPIPHYSEAL
DYSPLASIA CONGENITAL TYPE.

Genetic
Diseases,
Inborn**
Abnormal
ities,
Multiple*
*Osteocho
ndrodyspl
asias**D
warfism

connective tissue
disease**Osteochon
drodysplasias**Rhe
umatologic Disorder

C2237
041**
C0038
015**
C0038
015

882*
*100
0**1
000

P02458

Defects in COL2A1 are the cause of Strudwick
type spondyloepimetaphyseal dysplasia
(SEMD) [MIM:184250]. SEMD is
characterized by disproportionate short stature,
pectus carinatum, and scoliosis, as well as
dappled metaphyses (which is not seen in
SEDC). DAPPLED METAPHYSIS
SYNDROME. SEMD STRUDWICK TYPE.
SEMDC. SMED STRUDWICK TYPE.
SMED TYPE I.
SPONDYLOEPIMETAPHYSEAL
DYSPLASIA STRUDWICK TYPE.
SPONDYLOMETAEPIPHYSEAL
DYSPLASIA CONGENITA STRUDWICK
TYPE. SPONDYLOMETAPHYSEAL
DYSPLASIA. STRUDWICK SYNDROME.
Defects in COL2A1 are the cause of
achondrogenesis hypochondrogenesis type 2
(ACG2) [MIM:200610]. ACG2 is a disease
characterized by the absence of ossification in
the vertebral column, sacrum and pubic bones.
ACHONDROGENESIS LANGER-SALDINO
TYPE. ACHONDROGENESIS TYPE IB
FORMERLY. ACHONDROGENESIS TYPE
II. ACHONDROGENESISHYPOCHONDROGENESIS TYPE II.
CHONDROGENESIS IMPERFECTA.

Genetic
Diseases,
Inborn**
Abnormal
ities,
Multiple*
*Osteocho
ndrodyspl
asias**D
warfism

connective tissue
disease**Spinal
Curvatures

C2237
041**
C0036
439

882*
*100
0

Genetic
Diseases,
Inborn**
Osteochon
drodyspla
sias**Dw
arfism**C
raniofacial
Abnormal
ities

Not Found

P02458

106

NA

P02458

Defects in COL2A1 are the cause of Kniest
syndrome (KS) [MIM:156550]; also known as
Kniest dysplasia or metatropic dwarfism type
II. KS is a moderately severe chondrodysplasia
phenotype that results from mutations in the
COL2A1 gene. Characteristics of the disorder
include a short trunk and extremities, mid-face
hypoplasia, cleft palate, myopia, retinal
detachment, and hearing loss. KNIEST
DYSPLASIA. METATROPIC DWARFISM
TYPE II. METATROPIC DYSPLASIA II.
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Defects in COL2A1 are a cause of primary
avascular necrosis of femoral head (ANFH)
[MIM:608805]; also called ischemic necrosis
of the femoral head or osteonecrosis of the
femoral head. ANFH causes disability that
often requires surgical intervention. Most cases
are sporadic, but families in which there is an
autosomal dominant inheritance of the disease
have been identified. It has been estimated that
300,000 to 600,000 people in the United States
have ANFH. Approximately 15,000 new cases
of this common and disabling disorder are
reported annually. The age at the onset is earlier
than that for osteoarthritis. The diagnosis is
typically made when patients are between the
ages of 30 and 60 years. The clinical
manifestations, such as pain on exertion, a
limping gait, and a discrepancy in leg length,
cause considerable disability. Moreover, nearly
10 percent of the 500,000 total-hip
arthroplasties performed each year in the
United States involve patients with ANFH. As a
result, this disease creates a substantial
socioeconomic cost as well as a burden for
patients and their families. ANFH.
AVASCULAR NECROSIS OF FEMORAL
HEAD PRIMARY. FEMORAL HEAD
AVASCULAR NECROSIS OF. ISCHEMIC
NECROSIS OF FEMORAL HEAD.
OSTEONECROSIS OF FEMORAL HEAD.
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Defects in COL2A1 are the cause of
osteoarthritis with mild chondrodysplasia
[MIM:604864]. Osteoarthritis is a common
disease that produces joint pain and stiffness
together with radiologic evidence of
progressive degeneration of joint cartilage.
Some forms of osteoarthritis are secondary to
events such as trauma, infections, metabolic
disorders, or congenital or heritable conditions
that deform the epiphyses or related structures.
In most patients, however, there is no readily
identifiable cause of osteoarthritis. Inheritance
in a Mendelian dominant manner has been
demonstrated in some families with primary
generalized osteoarthritis. Reports demonstrate
coinheritance of primary generalized
osteoarthritis with specific alleles of the gene
COL2A1, the precursor of the major protein of
cartilage. OSTEOARTHRITIS WITH MILD
CHONDRODYSPLASIA.
Defects in COL2A1 are the cause of
platyspondylic lethal skeletal dysplasia
Torrance type (PLSD-T) [MIM:151210].
Platyspondylic lethal skeletal dysplasias
(PLSDs) are a heterogeneous group of
chondrodysplasias characterized by severe
platyspondyly and limb shortening. PLSD-T is
characterized by varying platyspondyly, short
ribs with anterior cupping, hypoplasia of the
lower ilia with broad ischial and pubic bones,
and shortening of the tubular bones with
splayed and cupped metaphyses. Histology of
the growth plate typically shows focal
hypercellularity with slightly enlarged
chondrocytes in the resting cartilage and
relatively well-preserved columnar formation
and ossification at the chondro-osseous
junction. PLSD-T is generally a perinatally
lethal disease, but a few long-term survivors
have been reported. INCLUDED. LETHAL
SHORT-LIMBED PLATYSPONDYLIC
DWARFISM TORRANCE TYPE.
PLATYSPONDYLIC LETHAL SKELETAL
DYSPLASIA LUTON TYPE INCLUDED.
PLATYSPONDYLIC LETHAL SKELETAL
DYSPLASIA TORRANCE TYPE.
THANATOPHORIC DYSPLASIA LUTON
VARIANT INCLUDED. THANATOPHORIC
DYSPLASIA TORRANCE VARIANT.

108

Genetic
Diseases,
Inborn**
Osteochon
drodyspla
sias**Ost
eoarthritis

Degenerative
polyarthritis**Infect
ion**disease of
metabolism**Gener
alized osteoarthritis

Genetic
Diseases,
Inborn**
Osteochon
drodyspla
sias**Dw
arfism

Not Found

C0029
408**
C0021
311**
C0025
517**
C1384
584

1000
**10
00**
1000
**10
00

NA

P02458

Defects in COL2A1 are the cause of multiple
epiphyseal dysplasia with myopia and
conductive deafness (EDMMD)
[MIM:132450]. Multiple epiphyseal dysplasia
is a generalized skeletal dysplasia associated
with significant morbidity. Joint pain, joint
deformity, waddling gait, and short stature are
the main clinical signs and symptoms.
EDMMD is an autosomal dominant disorder
characterized by epiphyseal dysplasia
associated with progressive myopia, retinal
thinning, crenated cataracts, conductive
deafness. EDMMD. EPIPHYSEAL
DYSPLASIA MULTIPLE WITH MYOPIA
AND CONDUCTIVE DEAFNESS.

P02458

Defects in COL2A1 are the cause of
spondyloperipheral dysplasia (SPD)
[MIM:271700]. SPD patients manifest short
stature, midface hypoplasia, sensorineural
hearing loss, spondyloepiphyseal dysplasia,
platyspondyly and brachydactyly.
SPONDYLOPERIPHERAL DYSPLASIA
WITH SHORT ULNA.
SPONDYLOPERIPHERAL DYSPLASIA.

P02458

Defects in COL2A1 are the cause of Wagner
syndrome type II (WS-II); a disease
characterized by early-onset cataracts, lattice
degeneration of the retina, and retinal
detachment without involvement of monocular
tissues.
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Defects in COL2A1 are the cause of Stickler
syndrome type 1 (STL1) [MIM:108300]; also
known as vitreous type 1, or membranous
vitreous type. STL1 is an autosomal dominant
form of Stickler syndrome, an inherited
disorder that associates ocular signs with more
or less complete forms of Pierre Robin
sequence, bone disorders and sensorineural
deafness. Ocular disorders may include
juvenile cataract, myopia, strabismus,
vitreoretinal or chorioretinal degeneration,
retinal detachment, and chronic uveitis. Robin
sequence includes an opening in the roof of the
mouth (a cleft palate), a large tongue
(macroglossia), and a small lower jaw
(micrognathia). Bones are affected by slight
platyspondylisis and large, often defective
epiphyses. Juvenile joint laxity is followed by
early signs of arthrosis. The degree of hearing
loss varies among affected individuals and may
become more severe over time. Syndrome
expressivity is variable.
ARTHROOPHTHALMOPATHY
HEREDITARY PROGRESSIVE. STICKLER
SYNDROME MEMBRANOUS VITREOUS
TYPE. STICKLER SYNDROME TYPE I.
STICKLER SYNDROME VITREOUS TYPE
1.
Defects in COL2A1 are a cause of
rhegmatogenous retinal detachment autosomal
dominant (DRRD) [MIM:609508].
Rhegmatogenous retinal detachment most
frequently results from a break or tear in the
retina that allows fluid from the vitreous humor
to enter the potential space beneath the retina.
It is often associated with pathologic myopia
and in most cases leads to visual impairment or
blindness if untreated. INCLUDED.
RHEGMATOGENOUS RETINAL
DETACHMENT AUTOSOMAL DOMINANT
INCLUDED. STICKLER SYNDROME
ATYPICAL. STICKLER SYNDROME TYPE
I NONSYNDROMIC OCULAR. STICKLER
SYNDROME TYPE I PREDOMINANTLY
OCULAR.
Defects in APOA1 are a cause of high density
lipoprotein deficiency type 2 (HDLD2)
[MIM:604091]; also known as familial
hypoalphalipoproteinemia (FHA). Inheritance
is autosomal dominant. FAMILIAL HDL
DEFICIENCY. HDL CHOLESTEROL LOW
SERUM. HIGH DENSITY LIPOPROTEIN
DEFICIENCY.
HYPOALPHALIPOPROTEINEMIA
FAMILIAL.
HYPOALPHALIPOPROTEINEMIA
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Defects in APOA1 are a cause of the low HDL
levels observed in high density lipoprotein
deficiency type 1 (HDLD1) [MIM:205400];
also known as analphalipoproteinemia or
Tangier disease (TGD). HDLD1 is a recessive
disorder characterized by the absence of plasma
HDL, accumulation of cholesteryl esters,
premature coronary artery disease,
hepatosplenomegaly, recurrent peripheral
neuropathy and progressive muscle wasting
and weakness. In HDLD1 patients, ApoA-I
fails to associate with HDL probably because
of the faulty conversion of pro-ApoA-I
molecules into mature chains, either due to a
defect in the converting enzyme activity or a
specific structural defect in Tangier ApoA-I.
ANALPHALIPOPROTEINEMIA. HIGH
DENSITY LIPOPROTEIN DEFICIENCY
TANGIER TYPE. HIGH DENSITY
LIPOPROTEIN DEFICIENCY TYPE 1.
TANGIER DISEASE.
Defects in APOA1 are a cause of amyloidosis
type 8 (AMYL8) [MIM:105200]; also known
as systemic non-neuropathic amyloidosis or
Ostertag-type amyloidosis. AMYL8 is a
hereditary generalized amyloidosis due to
deposition of apolipoprotein A1, fibrinogen and
lysozyme amyloids. Viscera are particularly
affected. There is no involvement of the
nervous system. Clinical features include renal
amyloidosis resulting in nephrotic syndrome,
arterial hypertension, hepatosplenomegaly,
cholestasis, petechial skin rash.
AMYLOIDOSIS FAMILIAL RENAL.
AMYLOIDOSIS FAMILIAL VISCERAL.
AMYLOIDOSIS SYSTEMIC
NONNEUROPATHIC. AMYLOIDOSIS VIII.
GERMAN TYPE AMYLOIDOSIS.
OSTERTAG TYPE AMYLOIDOSIS.
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Defects in NTRK1 are a cause of congenital
insensitivity to pain with anhidrosis (CIPA)
[MIM:256800]. CIPA is characterized by a
congenital insensitivity to pain, anhidrosis
(absence of sweating), absence of reaction to
noxious stimuli, self-mutilating behavior, and
mental retardation. This rare autosomal
recessive disorder is also known as congenital
sensory neuropathy with anhidrosis or
hereditary sensory and autonomic neuropathy
type IV or familial dysautonomia type II.
FAMILIAL DYSAUTONOMIA TYPE II.
HEREDITARY SENSORY AND
AUTONOMIC NEUROPATHY IV. HSAN IV.
INSENSITIVITY TO PAIN CONGENITAL
WITH ANHIDROSIS. NEUROPATHY
CONGENITAL SENSORY WITH
ANHIDROSIS.
Chromosomal aberrations involving NTRK1
are a cause of thyroid papillary carcinoma
(PACT) [MIM:188550]. Translocation
t(1;3)(q21;q11) with TFG generates the TRKT3
(TRK-T3) transcript by fusing TFG to the 3'end of NTRK1; a rearrangement with TPM3
generates the TRK transcript by fusing TPM3
to the 3'-end of NTRK1. FAMILIAL
NONMEDULLARY THYROID CANCER.
NONMEDULLARY THYROID
CARCINOMA. PAPILLARY CARCINOMA
OF THYROID. THYROID CARCINOMA
PAPILLARY.
Chromosomal aberrations involving NTRK1
are a cause of thyroid papillary carcinoma
(PACT) [MIM:188550]. Intrachromosomal
rearrangement that links the protein kinase
domain of NTRK1 to the 5'-end of the TPR
gene forms the fusion protein TRK-T1. TRKT1 is a 55 kDa protein reacting with antibodies
against the C-terminus of the NTRK1 protein.
FAMILIAL NONMEDULLARY THYROID
CANCER. NONMEDULLARY THYROID
CARCINOMA. PAPILLARY CARCINOMA
OF THYROID. THYROID CARCINOMA
PAPILLARY.
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Defects in ALPL are a cause of
hypophosphatasia infantile (hypophosphatasia)
[MIM:241500]; an inherited metabolic bone
disease characterized by defective skeletal
mineralization. Four hypophosphatasia forms
are distinguished, depending on the age of
onset: perinatal, infantile, childhood and adult
type. The perinatal form is the most severe and
is almost always fatal. Patients with only
premature loss of deciduous teeth, but with no
bone disease are regarded as having
odontohypophosphatasia (odonto). HOPS.
HYPOPHOSPHATASIA INFANTILE.
HYPOPHOSPHATASIA PERINATAL
LETHAL INCLUDED.
PHOSPHOETHANOLAMINURIA.
Defects in ALPL are a cause of
hypophosphatasia childhood
(hypophosphatasia) [MIM:241510].
HYPOPHOSPHATASIA CHILDHOOD.
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Defects in ALPL are a cause of
hypophosphatasia adult type
(hypophosphatasia) [MIM:146300].
HYPOPHOSPHATASIA ADULT.
HYPOPHOSPHATASIA MILD.
ODONTOHYPOPHOSPHATASIA
INCLUDED.
Defects in KRT18 are a cause of cryptogenic
cirrhosis [MIM:215600]. CIRRHOSIS
CRYPTOGENIC INCLUDED. CIRRHOSIS
FAMILIAL WITH PULMONARY
HYPERTENSION INCLUDED. CIRRHOSIS
FAMILIAL. CIRRHOSIS
NONCRYPTOGENIC SUSCEPTIBILITY TO
INCLUDED. COPPER TOXICOSIS
IDIOPATHIC INCLUDED. COPPEROVERLOAD CIRRHOSIS INCLUDED.
ENDEMIC TYROLEAN INFANTILE
CIRRHOSIS INCLUDED. INDIAN
CHILDHOOD CIRRHOSIS INCLUDED.
SEN SYNDROME INCLUDED.
Defects in KRT8 are a cause of cryptogenic
cirrhosis [MIM:215600]. CIRRHOSIS
CRYPTOGENIC INCLUDED. CIRRHOSIS
FAMILIAL WITH PULMONARY
HYPERTENSION INCLUDED. CIRRHOSIS
FAMILIAL. CIRRHOSIS
NONCRYPTOGENIC SUSCEPTIBILITY TO
INCLUDED. COPPER TOXICOSIS
IDIOPATHIC INCLUDED. COPPEROVERLOAD CIRRHOSIS INCLUDED.
ENDEMIC TYROLEAN INFANTILE
CIRRHOSIS INCLUDED. INDIAN
CHILDHOOD CIRRHOSIS INCLUDED.
SEN SYNDROME INCLUDED.
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Defects in TPM3 are a cause of nemaline
myopathy type 1 (NEM1) [MIM:609284].
Nemaline myopathy (NEM) is a form of
congenital myopathy characterized by
abnormal thread- or rod-like structures in
muscle fibers on histologic examination. The
clinical phenotype is highly variable, with
differing age at onset and severity. NEM1
inheritance is autosomal dominant.
NEMALINE MYOPATHY 1. NEMALINE
MYOPATHY CAUSED BY MUTATION IN
THE TROPOMYOSIN 3 GENE.
A chromosomal aberration involving TPM3 is a
cause of thyroid papillary carcinoma (PACT)
[MIM:188550]. A rearrangement with NTRK1
generates the TRK fusion transcript by fusing
the amino end of isoform 2 of TPM3 to the 3'end of NTRK1. FAMILIAL
NONMEDULLARY THYROID CANCER.
NONMEDULLARY THYROID
CARCINOMA. PAPILLARY CARCINOMA
OF THYROID. THYROID CARCINOMA
PAPILLARY.
Defects in CRYGC are a cause of autosomal
dominant cataract [MIM:604219]. Cataract is
an opacification of the eye lens that frequently
results in visual impairment or blindness during
infa CATARACT AUTOSOMAL
DOMINANT.
Defects in CRYGC are a cause of Coppock-like
cataract (CCL) [MIM:604307]. The Coppock
cataract refers to a congenital pulverulent disklike opacity involving the embryonal and fetal
nucleus with many tiny white dots in the
lamellar portion of the lens. It is usually
bilateral and dominantly inherited.
CATARACT COPPOCK-LIKE. CATARACT
EMBRYONIC NUCLEAR.
Crystallins do not turn over as the lens ages,
providing ample opportunity for posttranslational modifications or oxidations. These
modifications may change crystallin solubility
properties and favor senile cataract.
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Defects in PTPRC are a cause of severe
combined immunodeficiency autosomal
recessive T-cell-negative/B-cell-positive/NKcell-positive (T(-)B(+)NK(+)SCID)
[MIM:608971]. SCID refers to a genetically
and clinically heterogeneous group of rare
congenital disorders characterized by
impairment of both humoral and cell-mediated
immunity, leukopenia, and low or absent
antibody levels. Patients with SCID present in
infancy with recurrent, persistent infections by
opportunistic organisms. The common
characteristic of all types of SCID is absence of
T-cell-mediated cellular immunity due to a
defect in T-cell development. B CELLPOSITIVE NK CELL-POSITIVE. SCID
AUTOSOMAL RECESSIVE T CELLNEGATIVE B CELL-POSITIVE NK CELLPOSITIVE. SEVERE COMBINED
IMMUNODEFICIENCY AUTOSOMAL
RECESSIVE T CELL-NEGATIVE.
Defects in MYL3 are the cause of
cardiomyopathy familial hypertrophic type 8
(CMH8) [MIM:608751]. Familial hypertrophic
cardiomyopathy is a hereditary heart disorder
characterized by ventricular hypertrophy,
which is usually asymmetric and often involves
the interventricular septum. The symptoms
include dyspnea, syncope, collapse,
palpitations, and chest pain. They can be
readily provoked by exercise. The disorder has
inter- and intrafamilial variability ranging from
benign to malignant forms with high risk of
cardiac failure and sudden cardiac death.
CMH8 inheritance can be autosomal dominant
or recessive. CARDIOMYOPATHY
FAMILIAL HYPERTROPHIC 8.
CARDIOMYOPATHY HYPERTROPHIC
MID-LEFT VENTRICULAR CHAMBER
TYPE 1.
Defects in MYL3 are the cause of
cardiomyopathy hypertrophic with mid-left
ventricular chamber type 1 (MVC1)
[MIM:608751]. MVC1 is a very rare variant of
familial hypertrophic cardiomyopathy,
characterized by mid-left ventricular chamber
thickening. CARDIOMYOPATHY FAMILIAL
HYPERTROPHIC 8. CARDIOMYOPATHY
HYPERTROPHIC MID-LEFT
VENTRICULAR CHAMBER TYPE 1.
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Defects in FBP1 are the cause of fructose-1,6bisphosphatase deficiency (FBPD)
[MIM:229700]. FBPD is inherited as an
autosomal recessive disorder mainly in the liver
and causes life-threatening episodes of
hypoglycemia and metabolic acidosis
(lactacidemia) in newborn infants or young
children. FRUCTOSE-16BISPHOSPHATASE DEFICIENCY.
Defects in TACSTD2 are the cause of
gelatinous drop-like corneal dystrophy (GDLD)
[MIM:204870]; also known as lattice corneal
dystrophy type III. GDLD is an autosomal
recessive disorder characterized by grayish
corneal amyloid deposits that cause severe
visual impairment. AMYLOID CORNEAL
DYSTROPHY JAPANESE TYPE.
AMYLOIDOSIS CORNEAL. CDGDL.
CORNEAL DYSTROPHY GELATINOUS
DROP-LIKE. CORNEAL DYSTROPHY
LATTICE TYPE III. GDLD. LATTICE
CORNEAL DYSTROPHY TYPE III.
Defects in GAA are the cause of glycogen
storage disease type 2 (GSD2) [MIM:232300];
also called acid alpha-glucosidase (GAA)
deficiency or acid maltase deficiency (AMD).
GSD2 is a metabolic disorder with a broad
clinical spectrum. The severe infantile form, or
Pompe disease, presents at birth with massive
accumulation of glycogen in muscle, heart and
liver. Cardiomyopathy and muscular hypotonia
are the cardinal features of this form whose life
expectancy is less than two years. The juvenile
and adult forms present as limb-girdle muscular
dystrophy beginning in the lower limbs. Final
outcome depends on respiratory muscle failure.
Patients with the adult form can be free of
clinical symptoms for most of their life but
finally develop a slowly progressive myopathy.
ACID ALPHA-GLUCOSIDASE
DEFICIENCY. ACID MALTASE
DEFICIENCY. ALPHA-14-GLUCOSIDASE
DEFICIENCY. CARDIOMEGALIA
GLYCOGENICA DIFFUSA. GAA
DEFICIENCY. GLYCOGEN STORAGE
DISEASE II. GLYCOGENOSIS
GENERALIZED CARDIAC FORM. GSD II.
POMPE DISEASE.
Defects in ACP2 are a cause of acid
phosphatase deficiency [MIM:200950]. The
clinical features are intermittent vomiting,
hypotonia, lethargy, opisthotonos, terminal
bleeding, and death in early infancy. Lysosomal
acid phosphatase is deficient in cultured
fibroblasts and multiple tissues. ACID
PHOSPHATASE DEFICIENCY.
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Defects in FGFR1 are a cause of Pfeiffer
syndrome (PS) [MIM:101600]; also known as
acrocephalosyndactyly type V (ACS5). PS is
characterized by craniosynostosis (premature
fusion of the skull sutures) with deviation and
enlargement of the thumbs and great toes,
brachymesophalangy, with phalangeal
ankylosis and a varying degree of soft tissue
syndactyly. ACROCEPHALOSYNDACTYLY
TYPE V. ACS V. CRANIOFACIALSKELETAL-DERMATOLOGIC DYSPLASIA
INCLUDED. NOACK SYNDROME
INCLUDED. PFEIFFER SYNDROME.
Defects in FGFR1 are a cause of isolated
hypogonadotropic hypogonadism (IHH)
[MIM:146110]. Hypogonadism is a condition
characterized by abnormally decreased gonadal
function, with retardation of growth and sexual
development. Hypogonadotropic
hypogonadism is due to inadequate secretion of
gonadotropins. It results from failure to release
sufficient gonadotropin-releasing hormone.
HYPOGONADISM ISOLATED
HYPOGONADOTROPIC.
HYPOGONADOTROPIC
HYPOGONADISM. IDIOPATHIC
HYPOGONADOTROPIC
HYPOGONADISM.
Defects in FGFR1 are the cause of Kallmann
syndrome type 2 (KAL2) [MIM:147950]; also
known as hypogonadotropic hypogonadism and
anosmia. Anosmia or hyposmia is related to the
absence or hypoplasia of the olfactory bulbs
and tracts. Hypogonadism is due to deficiency
in gonadotropin-releasing hormone and
probably results from a failure of embryonic
migration of gonadotropin-releasing hormonesynthesizing neurons. In some cases, midline
cranial anomalies (cleft lip/palate and imperfect
fusion) are present and anosmia may be absent
or inconspicuous. HYPOGONADOTROPIC
HYPOGONADISM AND ANOSMIA.
KALLMANN SYNDROME 2 WITH
BIMANUAL SYNKINESIA INCLUDED.
KALLMANN SYNDROME 2 WITH CLEFT
LIP OR PALATE INCLUDED. KALLMANN
SYNDROME 2 WITH SELECTIVE TOOTH
AGENESIS INCLUDED. KALLMANN
SYNDROME 2.
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Defects in FGFR1 are the cause of
osteoglophonic dysplasia (OGD)
[MIM:166250]; also known as osteoglophonic
dwarfism. OGD is characterized by
craniosynostosis, prominent supraorbital ridge,
and depressed nasal bridge, as well as by
rhizomelic dwarfism and nonossifying bone
lesions. Inheritance is autosomal dominant.
OSTEOGLOPHONIC DWARFISM.
OSTEOGLOPHONIC DYSPLASIA.
Defects in FGFR1 are the cause of nonsyndromic trigonocephaly [MIM:190440]; also
known as metopic craniosynostosis. The term
trigonocephaly describes the typical keelshaped deformation of the forehead resulting
from premature fusion of the frontal suture.
Trigonocephaly may occur also as a part of a
syndrome. CRANIOSYNOSTOSIS
METOPIC. TRIGONOCEPHALY
NONSYNDROMIC.
A chromosomal aberration involving FGFR1
may be a cause of stem cell leukemia
lymphoma syndrome (SCLL). Translocation
t(8;13)(p11;q12) with ZMYM2. SCLL usually
presents as lymphoblastic lymphoma in
association with a myeloproliferative disorder,
often accompanied by pronounced peripheral
eosinophilia and/or prominent eosinophilic
infiltrates in the affected bone marrow.

Dwarfism
**Osteoch
ondrodysp
lasias**Cr
aniosynost
oses

Not Found

NA

Craniosyn
ostoses

Not Found

NA

Neoplastic
Syndrome
s,
Hereditary
****Myel
oproliferat
ive
Disorders
**Eosinop
hilia

Stem cell
leukemia**Leukemi
a**Lymphoid
Neoplasm**Lymph
oma**Eosinophilia*
*Myeloproliferative
disease**Lymphosa
rcoma**Precursor
Lymphoblastic
Lymphoma/Leukem
ia

A chromosomal aberration involving FGFR1
may be a cause of stem cell myeloproliferative
disorder (MPD). Translocation t(6;8)(q27;p11)
with FGFR1OP. Insertion
ins(12;8)(p11;p11p22) with FGFR1OP2. MPD
is characterized by myeloid hyperplasia,
eosinophilia and T-cell or B-cell lymphoblastic
lymphoma. In general it progresses to acute
myeloid leukemia. The fusion proteins
FGFR1OP2-FGFR1, FGFR1OP-FGFR1 or
FGFR1-FGFR1OP may exhibit constitutive
kinase activity

Neoplastic
Syndrome
s,
Hereditary
****Myel
oproliferat
ive
Disorders
**Eosinop
hilia

Lymphoma**Eosino
philia**Myeloid
leukemia, acute**BCell Lymphocytic
Neoplasm**Myelop
roliferative disease

118

C1378
511**
C0023
418**
C1961
102**
C0079
748**
C0014
457**
C0027
022**
C0079
748**
C0079
748
C0079
731**
C0014
457**
C0023
467**
C0079
731**
C0027
022

695*
*593
**10
00**
1000
**79
0**1
000*
*100
0**1
000

881*
*100
0**1
000*
*881
**10
00

P13535

Defects in MYH8 are a cause of Carney
complex variant [MIM:608837]. Carney
complex is a multiple neoplasia syndrome
characterized by spotty skin pigmentation,
cardiac and other myxomas, endocrine tumors,
and psammomatous melanotic schwannomas.
Familial cardiac myxomas are associated with
spotty pigmentation of the skin and other
phenotypes, including primary pigmented
nodular adrenocortical dysplasia, extracardiac
(frequently cutaneous) myxomas,
schwannomas, and pituitary, thyroid, testicular,
bone, ovarian, and breast tumors. Cardiac
myxomas do not develop in all patients with
the Carney complex, but affected patients have
at least two features of the complex or one
feature and a clinically significant family
history. CARNEY COMPLEX VARIANT.
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Defects in MYH8 are a cause of trismuspseudocamptodactyly syndrome
[MIM:158300]; also called Hecht-Beals or
Dutch-Kentucky syndrome. The trismuspseudocamptodactyly syndrome is a hereditary
distal arthrogryposis characterized by an
inability to open the mouth fully (trismus) and
pseudocamptodactyly in which wrist
dorsiflexion, but not volarflexion, produces
involuntary flexion contracture of distal and
proximal interphalangeal joints. Such hand and
jaw contractures are caused by shortened flexor
muscle-tendon units. Similar lower-limb
contractures also produce foot deformity. The
trismus-pseudocamptodactyly syndrome is a
morbid autosomal dominant trait with variable
expressivity but high penetrance. In these
patients, trismus complicates dental care,
feeding during infancy, and intubation for
anesthesia, and the pseudocamptodactyly
impairs manual dexterity, with consequent
occupational and social disability. Many
patients require surgical correction of
contractures. ARTHROGRYPOSIS DISTAL
TYPE 7. HECHT SYNDROME. MOUTH
INABILITY TO OPEN COMPLETELY AND
SHORT FINGER-FLEXOR TENDONS.
TRISMUS-PSEUDOCAMPTODACTYLY
SYNDROME.
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Defects in KRT5 are a cause of epidermolysis
bullosa simplex Dowling-Meara type (DMEBS) [MIM:131760]. DM-EBS is a severe
form of intraepidermal epidermolysis bullosa
characterized by generalized herpetiform
blistering, milia formation, dystrophic nails,
and mucous membrane involvement.
EPIDERMOLYSIS BULLOSA
HERPETIFORMIS DOWLING-MEARA
TYPE. EPIDERMOLYSIS BULLOSA
SIMPLEX DOWLING-MEARA TYPE.
Defects in KRT5 are a cause of epidermolysis
bullosa simplex Dowling-Meara type (DMEBS) [MIM:131760]. DM-EBS is a severe
form of intraepidermal epidermolysis bullosa
characterized by generalized herpetiform
blistering, milia formation, dystrophic nails,
and mucous membrane involvement.
EPIDERMOLYSIS BULLOSA
HERPETIFORMIS DOWLING-MEARA
TYPE. EPIDERMOLYSIS BULLOSA
SIMPLEX DOWLING-MEARA TYPE.
Defects in KRT5 are the cause of epidermolysis
bullosa simplex with migratory circinate
erythema (EBSMCE) [MIM:609352].
EBSMCE is a form of intraepidermal
epidermolysis bullosa characterized by unusual
migratory circinate erythema. Skin lesions
appear from birth primarily on the hands, feet,
and legs but spare nails, ocular epithelia and
mucosae. Lesions heal with brown
pigmentation but no scarring. Electron
microscopy findings are distinct from those
seen in the DM-EBS, with no evidence of
tonofilament clumping. EPIDERMOLYSIS
BULLOSA SIMPLEX WITH MIGRATORY
CIRCINATE ERYTHEMA.
Defects in KRT5 are a cause of epidermolysis
bullosa simplex Weber-Cockayne type (WCEBS) [MIM:131800]. WC-EBS is a form of
intraepidermal epidermolysis bullosa
characterized by blistering limited to palmar
and plantar areas of the skin. EBS ACRAL
FORM. EPIDERMOLYSIS BULLOSA OF
HANDS AND FEET. EPIDERMOLYSIS
BULLOSA SIMPLEX LOCALIZED.
EPIDERMOLYSIS BULLOSA SIMPLEX
WEBER-COCKAYNE TYPE.
Defects in KRT5 are a cause of epidermolysis
bullosa simplex Koebner type (K-EBS)
[MIM:131900]. K-EBS is a form of
intraepidermal epidermolysis bullosa
characterized by generalized skin blistering.
The phenotype is not fundamentally distinct
from the Dowling-Meara type, althought it is
less severe. EBS GENERALIZED.
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Defects in KRT5 are the cause of epidermolysis
bullosa simplex with mottled pigmentation
(MP-EBS) [MIM:131960]. MP-EBS is a form
of intraepidermal epidermolysis bullosa
characterized by blistering at acral sites and
'mottled' pigmentation of the trunk and
proximal extremities with hyper- and
hypopigmentation macules. CHILDHOOD
BLISTERING. EPIDERMOLYSIS BULLOSA
SIMPLEX WITH MOTTLED
PIGMENTATION. SPECKLED
HYPERPIGMENTATION WITH PUNCTATE
PALMOPLANTAR KERATOSES AND.
Defects in KRT5 are the cause of DowlingDegos disease (DDD) [MIM:179850]; also
known as Dowling-Degos-Kitamura disease or
reticulate acropigmentation of Kitamura. DDD
is an autosomal dominant genodermatosis.
Affected individuals develop a postpubertal
reticulate hyperpigmentation that is progressive
and disfiguring, and small hyperkeratotic dark
brown papules that affect mainly the flexures
and great skin folds. Patients usually show no
abnormalities of the hair or nails. DOWLINGDEGOS DISEASE. DOWLING-DEGOSKITAMURA DISEASE. KITAMURA
RETICULATE ACROPIGMENTATION.
RETICULAR PIGMENT ANOMALY OF
FLEXURES. RETICULATE
ACROPIGMENTATION OF KITAMURA.
Defects in ALAD are the cause of acute hepatic
porphyria (AHP) [MIM:125270]. AHP is a
form of porphyria. Porphyrias are inherited
defects in the biosynthesis of heme. AHP is
characterized by attacks of gastrointestinal
disturbances, abdominal colic, paralysis, and
peripheral neuropathy. Most attacks are
precipitated by drugs, alcohol, caloric
deprivation, infections, or endocrine factors.
Defects in ENO3 are the cause of musclespecific enolase-beta deficiency (glycogenesis
type XIII) [MIM:131370]. It is a glycogen
storage myopathy which results in exerciseinduced myalgias, generalized muscle
weakness and fatigability. Dramatically
reduced protein levels with focal sarcoplasmic
accumulation of glycogen-beta particles are
detected in patients.
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Defects in ARSA are a cause of metachromatic
leukodystrophy (MLD) [MIM:250100]. MLD
is a disease characterized by intralysosomal
storage of cerebroside-3-sulfate, as well as in
the myelin membranes. Whereas storage occurs
in many cells, the disease almost exclusively
affects oligodendrocytes. Patients suffer from a
progressive demyelination, which causes a
variety of neurological symptoms, including
gait disturbances, ataxias, optical atrophy,
dementia, seizures, and spastic tetraparesis.
Several years after the onset of the disease,
patients die in a decerebrated state. Three forms
of the disease can be distinguished according to
the age at onset: late-infantile, juvenile and
adult. ARSA DEFICIENCY.
ARYLSULFATASE A DEFICIENCY.
CEREBRAL SCLEROSIS DIFFUSE
METACHROMATIC FORM.
CEREBROSIDE SULFATASE DEFICIENCY.
METACHROMATIC LEUKODYSTROPHY
ADULT INCLUDED. METACHROMATIC
LEUKODYSTROPHY JUVENILE
INCLUDED. METACHROMATIC
LEUKODYSTROPHY LATE INFANTILE
INCLUDED. METACHROMATIC
LEUKODYSTROPHY. METACHROMATIC
LEUKOENCEPHALOPATHY. MLD.
PSEUDOARYLSULFATASE A DEFICIENCY
INCLUDED. SULFATIDE LIPIDOSIS.
Arylsulfatase A activity is defective in multiple
sulfatase deficiency (MSD) [MIM:272200].
MSD is a disorder characterized by decreased
activity of all known sulfatases. MSD is due to
defects in SUMF1 resulting in the lack of posttranslational modification of a highly
conserved cysteine into 3-oxoalanine. It
combines features of individual sulfatase
deficiencies such as metachromatic
leukodystrophy, mucopolysaccharidosis,
chondrodysplasia punctata, hydrocephalus,
ichthyosis, neurologic deterioration and
developmental delay. MUCOSULFATIDOSIS.
MULTIPLE SULFATASE DEFICIENCY.
SULFATIDOSIS JUVENILE AUSTIN TYPE.
Defects in CHRNB2 are the cause of nocturnal
frontal lobe epilepsy type 3 (ENFL3)
[MIM:605375]. ENFL3 is an autosomal
dominant epilepsy characterized by nocturnal
seizures with hyperkinetic automatisms and
poorly organized stereotyped movements.
ENFL3. EPILEPSY NOCTURNAL
FRONTAL LOBE TYPE 3.
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Defects in EPOR are the cause of
erythrocytosis familial type 1 (ECYT1)
[MIM:133100]. ECYT1 is an autosomal
dominant disorder characterized by increased
serum red blood cell mass, elevated
hemoglobin and hematocrit, hypersensitivity of
erythroid progenitors to erythropoietin,
erythropoietin low serum levels, and no
increase in platelets nor leukocytes. It has a
relatively benign course and does not progress
to leukemia. ECYT1. ERYTHROCYTOSIS
AUTOSOMAL DOMINANT BENIGN.
ERYTHROCYTOSIS FAMILIAL 1.
POLYCYTHEMIA PRIMARY FAMILIAL
AND CONGENITAL.
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Defects in FLNA are the cause of
periventricular nodular heterotopia type 1
(PVNH1) [MIM:300049]; also called nodular
heterotopia, bilateral periventricular (NHBP or
BPNH). PVNH is a developmental disorder
characterized by the presence of periventricular
nodules of cerebral gray matter, resulting from
a failure of neurons to migrate normally from
the lateral ventricular proliferative zone, where
they are formed, to the cerebral cortex. PVNH1
is an X-linked dominant form. Heterozygous
females have normal intelligence but suffer
from seizures and various manifestations
outside the central nervous system, especially
related to the vascular system. Hemizygous
affected males die in the prenatal or perinatal
period. HETEROTOPIA FAMILIAL
NODULAR. HETEROTOPIA
PERIVENTRICULAR NODULAR WITH
FRONTOMETAPHYSEAL DYSPLASIA.
HETEROTOPIA PERIVENTRICULAR XLINKED DOMINANT. INCLUDED.
NODULAR HETEROTOPIA BILATERAL
PERIVENTRICULAR.
PERIVENTRICULAR NODULAR
HETEROTOPIA 1.
Defects in FLNA are the cause of
periventricular nodular heterotopia type 4
(PVNH4) [MIM:300537]; also known as
periventricular heterotopia Ehlers-Danlos
variant. PVNH4 is characterized by nodular
brain heterotopia, joint hypermobility and
development of aortic dilatation in early
adulthood. HETEROTOPIA
PERIVENTRICULAR EHLERS-DANLOS
VARIANT. PERIVENTRICULAR
NODULAR HETEROTOPIA 4.
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Defects in FLNA are the cause of
otopalatodigital syndrome type 1 (OPD1)
[MIM:311300]. OPD1 is an X-linked dominant
multiple congenital anomalies disease mainly
characterized by a generalized skeletal
dysplasia, mild mental retardation, hearing loss,
cleft palate, and typical facial anomalies. OPD1
belongs to a group of X-linked skeletal
dysplasias known as oto-palato-digital
syndrome spectrum disorders that also include
OPD2, Melnick-Needles syndrome (MNS), and
frontometaphyseal dysplasia (FMD).
Remodeling of the cytoskeleton is central to the
modulation of cell shape and migration. FLNA
is a widely expressed protein that regulates reorganization of the actin cytoskeleton by
interacting with integrins, transmembrane
receptor complexes and second messengers.
Males with OPD1 have cleft palate,
malformations of the ossicles causing deafness
and milder bone and limb defects than those
associated with OPD2. Obligate female carriers
of mutations causing both OPD1 and OPD2
have variable (often milder) expression of a
similar phenotypic spectrum. OPD
SYNDROME TYPE 1.
OTOPALATODIGITAL SYNDROME TYPE I.
Defects in FLNA are the cause of
otopalatodigital syndrome type 2 (OPD2)
[MIM:304120]; also known as cranioorodigital
syndrome. OPD2 is a congenital bone disorder
that is characterized by abnormally modeled,
bowed bones, small or absent first digits and,
more variably, cleft palate, posterior fossa brain
anomalies, omphalocele and cardiac defects.
CRANIOORODIGITAL SYNDROME.
FACIOPALATOOSSEOUS SYNDROME.
OPD II SYNDROME.
OTOPALATODIGITAL SYNDROME TYPE
II.
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Defects in FLNA are the cause of
frontometaphyseal dysplasia (FMD)
[MIM:305620]. FMD is a congenital bone
disease characterized by supraorbital
hyperostosis, deafness and digital anomalies.
FRONTOMETAPHYSEAL DYSPLASIA.
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Defects in FLNA are the cause of MelnickNeedles syndrome (MNS) [MIM:309350].
MNS is a severe congenital bone disorder
characterized by typical facies (exophthalmos,
full cheeks, micrognathia and malalignment of
teeth), flaring of the metaphyses of long bones,
s-like curvature of bones of legs, irregular
constrictions in the ribs, and sclerosis of base
of skull. MELNICK-NEEDLES
OSTEODYSPLASTY. MELNICK-NEEDLES
SYNDROME. OSTEODYSPLASTY OF
MELNICK AND NEEDLES.
Defects in FLNA are associated with
cerebrofrontofacial syndrome [MIM:608578].
This syndrome consists of a phenotype of male
PVNH, with relatively normal development, no
epilepsy or other neurological abnormality,
severe constipation, and facial dysmorphism
and without a discernible skeletal phenotype.
CEREBROFRONTOFACIAL SYNDROME.
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Defects in FLNA are the cause of X-linked
congenital idiopathic intestinal
pseudoobstruction (CIIPX) [MIM:300048].
CIIPX is characterized by a severe abnormality
of gastrointestinal motility due to primary
qualitative defects of enteric ganglia and nerve
fibers. Affected individuals manifest recurrent
signs of intestinal obstruction in the absence of
any mechanical lesion. CIIP X-LINKED.
CONGENITAL IDIOPATHIC INTESTINAL
PSEUDOOBSTRUCTION. INTESTINAL
PSEUDOOBSTRUCTION NEURONAL
CHRONIC IDIOPATHIC WITH CENTRAL.
INTESTINAL PSEUDOOBSTRUCTION
NEURONAL CHRONIC IDIOPATHIC XLINKED. IPOX. NERVOUS SYSTEM
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Defects in DRD5 may be a cause of
schizophrenia, but no proof has yet been found.
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Defects in DRD5 are a cause of blepharospasm
[MIM:606798]. It is a primary focal dystonia
affecting the orbicularis oculi muscles, usually
beginning in middle age. Initial symptoms
include eye irritation and frequent blinking,
progressing to involuntary spasms of eyelid
closure. In severe cases, this can lead to
functional blindness. BLEPHAROSPASM
BENIGN ESSENTIAL.
Defects in TGM1 are the cause of ichthyosis
lamellar type 1 (LI1) [MIM:242300]. LI is a
non-bullous ichthyosis, a skin disorder
characterized by abnormal cornification of the
epidermis. It is one the most severe forms of
ichthyoses apparent at birth and persisting
throughout life. LI patients are born encased in
a tight, shiny, translucent covering called
collodion membrane. Over the first weeks of
life, the collodion membrane is gradually
replaced by generalized large, dark brown,
plate-like scales with minimal to no
erythroderma. Tautness of facial skin
commonly results in ectropion, eclabium and
scarring alopecia of the scalp. Common
complications are severe heat intolerance and
recurrent ear infections. COLLODION
FETUS. DESQUAMATION OF NEWBORN.
ICHTHYOSIS CONGENITA II.
ICHTHYOSIS CONGENITA. ICHTHYOSIS
LAMELLAR 1. LAMELLAR
EXFOLIATION OF NEWBORN.
LAMELLAR ICHTHYOSIS TYPE 1.
LAMELLAR ICHTHYOSIS. SELFHEALING COLLODION BABY INCLUDED.
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Defects in TGM1 are a cause of non-bullous
congenital ichthyosiform erythroderma (NCIE)
[MIM:242100]. NCIE is a non-bullous
ichthyosis, a skin disorder characterized by
abnormal cornification of the epidermis. Most
affected individuals are born with a tight, shiny,
translucent covering called collodion
membrane. The collodion membrane
subsequently evolves into generalized scaling
and intense redness of the skin. Clinical
features are milder than in lamellar ichthyoses
and demonstrate a greater variability in the
intensity of erythema, size and type of scales.
In contrast to lamellar ichthyoses, scales are
usually white, fine and powdery, and palms and
soles are severely affected. Patients suffer from
palmoplantar keratoderma, often with painful
fissures, digital contractures, and loss of pulp
volume. CIE. ICHTHYOSIFORM
ERYTHRODERMA BROCQ CONGENITAL
NONBULLOUS FORM. ICHTHYOSIFORM
ERYTHRODERMA CONGENITAL
NONBULLOUS 1. IECN1. NCIE.
NONBULLOUS CONGENITAL
ICHTHYOSIFORM ERYTHRODERMA 1.
Defects in PAX3 are the cause of Waardenburg
syndrome type 1 (WS1) [MIM:193500]. WS1
is an autosomal dominant disorder
characterized by wide bridge of nose owing to
lateral displacement of the inner canthus of
each eye (dystopia canthorum), pigmentary
disturbances such as frontal white blaze of hair,
heterochromia of irides, white eyelashes,
leukoderma and sensorineural deafness. The
syndrome shows variable clinical expression
and some affected individuals do not manifest
hearing impairment. WAARDENBURG
SYNDROME TYPE I.
Defects in PAX3 are the cause of Waardenburg
syndrome type 3 (WS3) [MIM:148820]; also
known as Klein-Waardenburg syndrome or
Waardenburg syndrome with upper limb
anomalies or white forelock with
malformations. WS3 is a very rare autosomal
dominant disorder, which shares many of the
characteristics of WS1. Patients additionally
present with musculoskeletal abnormalities.
KLEIN-WAARDENBURG SYNDROME.
WAARDENBURG SYNDROME TYPE III.
WAARDENBURG SYNDROME WITH
UPPER LIMB ANOMALIES. WHITE
FORELOCK WITH MALFORMATIONS.

127

Ichthyosis
, Lamellar

integumentary
system
disease**disease of
skin**Ichthyoses**
Congenital
ichthyosis**Palmop
lantar Keratosis

C0037
274**
C0037
274**
C0020
757**
C0079
154**
C0022
596

1000
**10
00**
790*
*100
0**1
000

Waardenb
urg's
Syndrome

Waardenburg's
Syndrome**Hearing
Loss,
Sensorineural**Hyp
opigmentation

C0043
008**
C0018
784**
C0162
835

833*
*100
0**1
000

Waardenb
urg's
Syndrome

Congenital
musculoskeletal
anomalies**Waarde
nburg's Syndrome

C0151
491**
C0043
008

1000
**10
00

P23760

P23760

P25067

P25067

Defects in PAX3 are the cause of craniofacialdeafness-hand syndrome (CDHS)
[MIM:122880]. CDHS is thought to be an
autosomal dominant disease which comprises
absence or hypoplasia of the nasal bones,
hypoplastic maxilla, small and short nose with
thin nares, limited movement of the wrist, short
palpebral fissures, ulnar deviation of the
fingers, hypertelorism and profound sensoryneural deafness. CRANIOFACIALDEAFNESS-HAND SYNDROME.
A chromosomal aberration involving PAX3 is a
cause of rhabdomyosarcoma 2 (RMS2)
[MIM:268220]; also known as alveolar
rhabdomyosarcoma. Translocation
(2;13)(q35;q14) with FOXO1. The resulting
protein is a transcriptional activator.
RHABDOMYOSARCOMA 2.
RHABDOMYOSARCOMA ALVEOLAR.
Defects in COL8A2 are a cause of posterior
polymorphous corneal dystrophy (PPCD)
[MIM:122000]. PPCD is a slowly progressive
hereditary disorder of the corneal endothelium
that leads to a variable degree of visual
impairment usually in adulthood. PPCD is
usually inherited as an autosomal dominant
trait. CORNEAL DYSTROPHY
HEREDITARY POLYMORPHOUS
POSTERIOR. CORNEAL DYSTROPHY
POSTERIOR POLYMORPHOUS 1.
POSTERIOR POLYMORPHOUS CORNEAL
DYSTROPHY.
Defects in COL8A2 are a cause of Fuchs
endothelial corneal dystrophy (FECD)
[MIM:136800]. FECD is the commonest
primary disorder of the corneal endothelium in
developed countries. Symptoms of painful
visual loss result from corneal decompensation.
Signs may be present from the fourth decade of
life onwards. Tipically, focal wart-like guttata
arising from Descemet membrane develops in
the central cornea; Descemet membrane is
thickened by abnormal collagenous deposition.
FECD is usually sporadic but familial highly
penetrant forms showing autosomal dominant
inheritance are also recognized. CORNEAL
DYSTROPHY FUCHS ENDOTHELIAL 1.
CORNEAL DYSTROPHY FUCHS
ENDOTHELIAL EARLY-ONSET.
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Defects in COL8A2 are the cause of posterior
polymorphous corneal dystrophy 2 (PPCD2)
[MIM:609140]. PPCD is a rare bilateral
familial disorder of the corneal epithelium, and
is inherited in a autosomal dominant pattern.
The clinical features usually present earlier
than FECD, being from birth onwards. The
disorder is characterized by alterations of
Descemet membrane presenting as vesicles,
opacities or band-like lesions on slit-lamp
examination and specular microscopy. Affected
patient typically are asymptomatic.
CORNEAL DYSTROPHY POSTERIOR
POLYMORPHOUS 2.
A chromosomal aberration involving DDX6
may be a cause of hematopoietic tumors such
as B-cell lymphomas. Translocation
t(11;14)(q23;q32).
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Defects in HSD3B2 are the cause of adrenal
hyperplasia type 2 (AH2) [MIM:201810]. AH2
is a form of congenital adrenal hyperplasia, a
common recessive disease due to defective
synthesis of cortisol. Congenital adrenal
hyperplasia is characterized by androgen
excess leading to ambiguous genitalia in
affected females, rapid somatic growth during
childhood in both sexes with premature closure
of the epiphyses and short adult stature. Four
clinical types: 'salt wasting' (SW, the most
severe type), 'simple virilizing' (SV, less
severely affected patients), with normal
aldosterone biosynthesis, 'non-classic form' or
late onset (NC or LOAH), and 'cryptic'
(asymptomatic). In AH2, virilization is much
less marked or does not occur. AH2 is
frequently lethal in early life.
Mild HSD3B2 deficiency in hyperandrogenic
females is associated with characteristic traits
of polycystic ovary syndrome, such as insulin
resistance and luteinizing hormon
hypersecretion.
Defects in ALDH4A1 are the cause of
hyperprolinemia type II (HPII) [MIM:239510].
HPII is characterized by the accumulation of
delta-1-pyrroline-5-carboxylate (P5C) and
proline. The disorder may be causally related to
neurologic manifestations, including seizures
and mental retardation. 1-@PYRROLINE-5CARBOXYLATE DEHYDROGENASE
DEFICIENCY. HYPERPROLINEMIA TYPE
II.
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Defects in CSF2RB are a cause of congenital
pulmonary alveolar proteinosis (PAP)
[MIM:265120]. PAP is an autosomal recessive
fatal respiratory disease. B DEFICIENCY.
INTERSTITIAL LUNG DISEASE DUE TO
SURFACTANT PROTEIN B DEFICIENCY.
INTERSTITIAL LUNG DISEASE
NONSPECIFIC DUE TO SURFACTANT
PROTEIN. PULMONARY ALVEOLAR
PROTEINOSIS DUE TO SURFACTANT
PROTEIN B DEFICIENCY. SURFACTANT
METABOLISM DYSFUNCTION
PULMONARY 1.
Activating mutations in CTNNB1 have
oncogenic activity resulting in tumor
development. Somatic mutations are found in
various tumor types, including colon cancers,
ovarian and prostate carcinomas,
hepatoblastoma (HB), hepatocellular carcinoma
(HCC). HBs are malignant embryonal tumors
mainly affecting young children in the first
three years of life.
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Defects in CTNNB1 are a cause of
pilomatrixoma (PTR) [MIM:132600]; a
common benign skin tumor. EPITHELIOMA
CALCIFICANS OF MALHERBE.
PILOMATRICOMA. PILOMATRIXOMA.
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Defects in CTNNB1 are a cause of
medulloblastoma (MDB) [MIM:155255]. MDB
is a malignant, invasive embryonal tumor of the
cerebellum with a preferential manifestation in
children. MEDULLOBLASTOMA
DESMOPLASTIC INCLUDED.
MEDULLOBLASTOMA.
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Haploinsufficiency of RFC2 may be the cause
of certain cardiovascular and musculo-skeletal
abnormalities observed in Williams-Beuren
syndrome (WBS), a rare developmental
disorder. It is a contiguous gene deletion
syndrome involving genes from chromosome
band 7q11.23.

P35499

Defects in SCN4A are the cause of
paramyotonia congenita of von Eulenburg
(PMC) [MIM:168300]. PMC is an autosomal
dominant sodium channel disease characterized
by myotonia, increased by exposure to cold,
intermittent flaccid paresis, not necessarily
dependent on cold or myotonia, lability of
serum potassium, nonprogressive nature and
lack of atrophy or hypertrophy of muscles. In
some patients, myotonia is not increased by
cold exposure. The muscle stiffness due to
membrane hyperexcitability. PARALYSIS
PERIODICA PARAMYOTONIA INCLUDED.
PARALYSIS PERIODICA
PARAMYOTONICA. PARAMYOTONIA
CONGENITA OF VON EULENBURG.
PARAMYOTONIA CONGENITA WITHOUT
COLD PARALYSIS INCLUDED.
Defects in SCN4A are a cause of hypokalemic
periodic paralysis (HYPOKPP) [MIM:170400];
also designated HOKPP. HYPOKPP is an
autosomal dominant disorder manifested by
episodic muscle weakness associated with low
serum potassium. Muscle weakness could be
due to altered excitation-contraction coupling
in HYPOKPP patients. HOKPP1.
HYPOKALEMIC PERIODIC PARALYSIS.
Defects in SCN4A are the cause of
hyperkalemic periodic paralysis (HYPP)
[MIM:170500]. HYPP is an autosomal
dominant sodium channel disease characterized
by episodic attacks of muscle weakness.
Attacks of muscle weakness can be provoked
in HYPP patients by oral potassium
administration, whereas this is a remedy for
HYPOKPP. ADYNAMIA EPISODICA
HEREDITARIA WITH OR WITHOUT
MYOTONIA. GAMSTORP DISEASE.
HYPERKALEMIC PERIODIC PARALYSIS.
NORMOKALEMIC PERIODIC PARALYSIS
POTASSIUM-SENSITIVE INCLUDED.

P35499

P35499
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Defects in SCN4A are the cause of autosomal
dominant potassium-aggravated myotonia
[MIM:608390]. Potassium-aggravated
myotonia includes mild myotonia fluctuans,
severe myotonia permanens, and
acetazolamide-responsive myotonia.
MYOTONIA CONGENITA
ACETAZOLAMIDE-RESPONSIVE.
MYOTONIA CONGENITA ATYPICAL.
MYOTONIA FLUCTUANS. MYOTONIA
PERMANENS. MYOTONIA POTASSIUMAGGRAVATED. SODIUM CHANNEL
MUSCLE DISEASE.
Defects in SCN4A are the cause of a congenital
myasthenic syndrome due to mutation in
SCNA4 (SCNA4CMS) [MIM:603967].
SCNA4CMS is a congenital myasthenic
syndrome associated with fatigable generalized
weakness and recurrent attacks of respiratory
and bulbar paralysis since birth. The fatigable
weakness involves lid-elevator, external ocular,
facial, limb and truncal muscles and an
decremental response of the compound muscle
action potential on repetitive stimulation.
Defects in FBN1 are a cause of Marfan
syndrome (MFS) [MIM:154700]. MFS is an
autosomal dominant disorder that affects the
skeletal, ocular, and cardiovascular systems. A
wide variety of skeletal abnormalities occurs
with MFS, including scoliosis, chest wall
deformity, tall stature, abnormal joint mobility.
Ectopia lentis occurs in up to about 80% of
MFS patients and is almost always bilateral.
The leading cause of premature death in MFS
patients is progressive dilation of the aortic root
and ascending aorta, causing aortic
incompetence and dissection. The majority of
the more than 600 mutations in FBN1 currently
known are point mutations, the rest are
frameshifts and splice site mutations. Marfan
syndrome has been suggested in at least 2
historical figures, Abraham Lincoln and
Paganini. MARFAN SYNDROME TYPE I.
MARFAN SYNDROME.
Defects in FBN1 are a cause of isolated ectopia
lentis (EL) [MIM:129600]. The symptoms of
this autosomal dominant fibrillinopathy overlap
with those of Marfan syndrome, with the
exclusion of the skeletal and cardiovascular
manifestations. ECTOPIA LENTIS
FAMILIAL. ECTOPIA LENTIS ISOLATED.
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Defects in FBN1 are the cause of autosomal
dominant Weill-Marchesani syndrome (WMS)
[MIM:608328]. WMS is a rare connective
tissue disorder characterized by short stature,
brachydactyly, joint stiffness, and eye
abnormalities including microspherophakia,
ectopia lentis, severe myopia and glaucoma.
MESODERMAL
DYSMORPHODYSTROPHY CONGENITAL.
SPHEROPHAKIA-BRACHYMORPHIA
SYNDROME. WEILL-MARCHESANI
SYNDROME AUTOSOMAL DOMINANT.
WM SYNDROME.
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Defects in FBN1 are a cause of ShprintzenGoldberg craniosynostosis syndrome (SGS)
[MIM:182212]. SGS is a very rare syndrome
characterized by a marfanoid habitus,
craniosynostosis, characteristic dysmorphic
facial features, skeletal and cardiovascular
abnormalities, mental retardation,
developmental delay and learning disabilities.
CRANIOSYNOSTOSIS WITH
ARACHNODACTYLY AND ABDOMINAL
HERNIAS. MARFANOID
CRANIOSYNOSTOSIS SYNDROME.
MARFANOID DISORDER WITH
CRANIOSYNOSTOSIS TYPE I. SGS.
SHPRINTZEN-GOLDBERG
CRANIOSYNOSTOSIS SYNDROME.
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Defects in FBN1 are a cause of MASS
syndrome [MIM:604308]. MASS syndrome is
a heritable disorder of connective tissue
characterized by involvement of the mitral
valve, aorta, skeleton, and skin. MASS
syndrome is closely resembling both the
Marfan syndrome and the Barlow syndrome.
However, no dislocation of the lenses or
aneurysmal changes occur in the aorta, and the
mitral valve prolapse is by no means invariable.
MASS PHENOTYPE. MASS SYNDROME.
OVERLAP CONNECTIVE TISSUE
DISEASE.
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Defects in GCK are the cause of maturity onset
diabetes of the young type 2 (MODY2)
[MIM:125851]; also shortened MODY-2.
MODY [MIM:606391] is a form of diabetes
mellitus characterized by autosomal dominant
transmission and early age of onset. Mutations
in GCK result in mild chronic hyperglycemia
due to reduced pancreatic beta cell
responsiveness to glucose, decreased net
accumulation of hepatic glycogen and
increased hepatic gluconeogenesis following
meals. DIABETES GESTATIONAL
INCLUDED. MATURITY-ONSET
DIABETES OF THE YOUNG TYPE II.
MODY GLUCOKINASE-RELATED. MODY
TYPE II. MASON-TYPE DIABETES.
MATURITY-ONSET DIABETES OF THE
YOUNG.
Defects in GCK are the cause of familial
hyperinsulinemic hypoglycemia type 3 (HHF3)
[MIM:602485]. HHF is the most common
cause of persistent hypoglycemia in infancy.
Unless early and aggressive intervention is
undertaken, brain damage from recurrent
episodes of hypoglycemia may occur.
HYPERINSULINEMIC HYPOGLYCEMIA
FAMILIAL 3.
Defects in CPOX are the cause of hereditary
coproporphyria (HCP) [MIM:121300]. HCP is
an acute hepatic porphyria and an autosomal
dominant disease characterized by
neuropsychiatric disturbances and skin
photosensitivity. Biochemically, there is an
overexcretion of coproporphyrin III in the urine
and in the feces. HCP is clinically characterized
by attacks of abdominal pain, neurological
disturbances, and psychiatric symptoms. The
symptoms are generally manifested with rapid
onset, and can be precipitated by drugs,
alcohol, caloric deprivation, infection,
endocrine factors or stress. A severe variant
form is harderoporphyria, which is
characterized by earlier onset attacks, massive
excretion of harderoporphyrin in the feces, and
a marked decrease of coproporphyrinogen IX
oxidase activity.
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Defects in BMPR1A are a cause of juvenile
polyposis syndrome (JPS) [MIM:174900]; also
known as juvenile intestinal polyposis (JIP).
JPS is an autosomal dominant gastrointestinal
hamartomatous polyposis syndrome in which
patients are at risk for developing
gastrointestinal cancers. The lesions are
typified by a smooth histological appearance,
predominant stroma, cystic spaces and lack of a
smooth muscle core. Multiple juvenile polyps
usually occur in a number of Mendelian
disorders. Sometimes, these polyps occur
without associated features as in JPS; here,
polyps tend to occur in the large bowel and are
associated with an increased risk of colon and
other gastrointestinal cancers. JUVENILE
INTESTINAL POLYPOSIS. JUVENILE
POLYPOSIS COLI INCLUDED. JUVENILE
POLYPOSIS OF STOMACH INCLUDED.
JUVENILE POLYPOSIS SYNDROME.
POLYPOSIS FAMILIAL OF ENTIRE
GASTROINTESTINAL TRACT.
POLYPOSIS JUVENILE INTESTINAL.
Defects in BMPR1A are a cause of Cowden
disease (CD) [MIM:158350]. CD is an
autosomal dominant cancer syndrome
characterized by multiple hamartomas and by a
high risk for breast, thyroid and endometrial
cancers. CEREBELLAR GRANULE CELL
HYPERTROPHY AND MEGALENCEPHALY
INCLUDED. CEREBELLOPARENCHYMAL
DISORDER VI INCLUDED. COWDEN
DISEASE. COWDEN SYNDROME.
DYSPLASTIC GANGLIOCYTOMA OF THE
CEREBELLUM INCLUDED. LHERMITTEDUCLOS DISEASE INCLUDED.
MULTIPLE HAMARTOMA SYNDROME.
PROTEUS-LIKE SYNDROME INCLUDED.
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Defects in BMPR1A are the cause of hereditary
mixed polyposis syndrome 2 (HMPS2)
[MIM:610069]. Hereditary mixed polyposis
syndrome (HMPS) is characterized by atypical
juvenile polyps, colonic adenomas, and
colorectal carcinomas. POLYPOSIS
SYNDROME HEREDITARY MIXED 2.
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Defects in HADHA are a cause of trifunctional
protein deficiency (TFP deficiency)
[MIM:609015]. The clinical manifestations are
very variable and include hypoglycemia,
cardiomyopathy and sudden death. Phenotypes
with mainly hepatic and neuromyopathic
involvement can also be distinguished.
Biochemically, TFP deficiency is defined by
the loss of all enzyme activities of the TFP
complex. MITOCHONDRIAL
TRIFUNCTIONAL PROTEIN DEFICIENCY.
TRIFUNCTIONAL PROTEIN DEFICIENCY
WITH MYOPATHY AND NEUROPATHY
INCLUDED. TRIFUNCTIONAL PROTEIN
DEFICIENCY.
Defects in HADHA are the cause of long-chain
3-hydroxyl-CoA dehydrogenase deficiency
(LCHAD deficiency) [MIM:609016]. The
clinical features are very similar to TFP
deficiency. Biochemically, LCHAD deficiency
is characterized by reduced long-chain 3hydroxyl-CoA dehydrogenase activity, while
the other enzyme activities of the TFP complex
are normal or only slightly reduced. LCHAD
DEFICIENCY. LONG-CHAIN 3HYDROXYACYL-CoA DEHYDROGENASE
DEFICIENCY.
Defects in HADHA are a cause of maternal
acute fatty liver of pregnancy (AFLP)
[MIM:609016]. AFLP is a severe maternal
illness occurring during pregnancies with
affected fetuses. This disease is associated with
LCHAD deficiency and characterized by
sudden unexplained infant death or
hypoglycemia and abnormal liver enzymes
(Reye-like syndrome). LCHAD
DEFICIENCY. LONG-CHAIN 3HYDROXYACYL-CoA DEHYDROGENASE
DEFICIENCY.
Defects in ATRX are the cause of X-linked
alpha-thalassemia/mental retardation syndrome
(ATR-X) [MIM:301040]. ATR-X is an Xlinked disorder comprising severe psychomotor
retardation, facial dysmorphism, urogenital
abnormalities, and alpha-thalassemia. An
essential phenotypic trait are hemoglobin H
erythrocyte inclusions. ALPHATHALASSEMIA/MENTAL RETARDATION
SYNDROME NONDELETION TYPE XLINKED. ATR NONDELETION TYPE.
ATR-X SYNDROME. ATRX.
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Defects in ATRX are the cause of mental
retardation syndromic X-linked with hypotonic
facies syndrome type 1 (MRXSHF1)
[MIM:309580]; also called Carpenter-Waziri
syndrome (CWS), Juberg-Marsidi syndrome
(JMS), Smith-Fineman-Myers syndrome type 1
(SFM1). Clinical features include severe
mental retardation, dysmorphic facies, and a
highly skewed X-inactivation pattern in carrier
women. Other more variable features include
hypogonadism, deafness, renal anomalies, and
mild skeletal defects. CARPENTER-WAZIRI
SYNDROME. CHUDLEY-LOWRY
SYNDROME. HOLMES-GANG
SYNDROME. JUBERG-MARSIDI
SYNDROME. MENTAL RETARDATION XLINKED WITH GROWTH RETARDATION
DEAFNESS AND. MENTAL
RETARDATION-HYPOTONIC FACIES
SYNDROME X-LINKED 1.
MICROGENITALISM. SFMS. SMITHFINEMAN-MYERS SYNDROME 1. XLMRHYPOTONIC FACIES SYNDROME.
Defects in ATRX are a cause of alphathalassemia myelodysplasia syndrome
(ATMDS) [MIM:300448]. In this disorder,
alpha-thalassemia occurs as an acquired
abnormality in association with a multilineage
myelodysplasia. ALPHA-THALASSEMIA
MYELODYSPLASIA SYNDROME.
HEMOGLOBIN H DISEASE ACQUIRED.

Mental
Retardatio
n, XLinked**
Abnormal
ities,
Multiple*
*Craniofa
cial
Abnormal
ities

Mental Retardation,
X-Linked**Mental
Retardation**Comp
lete Hearing
Loss**Urogenital
Abnormalities**Dea
fness**Hypogonadi
sm**Hypogonadotr
opism**Severe
mental retardation,
IQ 20-34

C1136
249**
C0025
362**
C0581
883**
C0266
292**
C0011
053**
C0020
619**
C0020
619**
C0036
857

891*
*100
0**1
000*
*100
0**1
000*
*100
0**1
000*
*100
0

alphaThalassem
ia**Hema
tologic
Diseases*
*Genetic
Diseases,
X-Linked

Hematologic
Neoplasms**Hemat
opoietic
Neoplasms**Malign
ant neoplasm of
lymphatic and
hemopoietic
tissue**Alpha
thalassemia**Myelo
proliferative disease

C0026
986**
C0026
986**
C0026
986**
C0002
312**
C0026
986

833*
*833
**83
3**1
000*
*833

A chromosomal aberration involving C6.1A is
a cause of pro-lymphocytic T-cell leukemia (TPLL). Translocation t(X;14)(q28;q11) with
TCRA.
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Defects in SOX2 are the cause of
microphthalmia syndromic type 3 (MCOPS3)
[MIM:206900]. Microphthalmia is a clinically
heterogeneous disorder of eye formation,
ranging from small size of a single eye to
complete bilateral absence of ocular tissues
(anophthalmia). In many cases,
microphthalmia/anophthalmia occurs in
association with syndromes that include nonocular abnormalities. MCOPS3 is characterized
by the rare association of malformations
including uni- or bilateral anophthalmia or
microphthalmia, and esophageal atresia with
trachoesophageal fistula. AEG SYNDROME.
ANOPHTHALMIA CLINICAL WITH
ASSOCIATED ANOMALIES.
ANOPHTHALMIA-ESOPHAGEALGENITAL SYNDROME. INCLUDED.
MICROPHTHALMIA AND ESOPHAGEAL
ATRESIA SYNDROME.
MICROPHTHALMIA SYNDROMIC 3.
OPTIC NERVE HYPOPLASIA AND
ABNORMALITIES OF THE CENTRAL
NERVOUS SYSTEM.
Defects in PSEN1 are a cause of Alzheimer
disease type 3 (AD3) [MIM:607822]. AD3 is a
familial early-onset form of Alzheimer disease.
Alzheimer disease is a neurodegenerative
disorder characterized by progressive dementia,
loss of cognitve abilities, and deposition of
fibrillar amyloid proteins as intraneuronal
neurofibrillary tangles, extracellular amyloid
plaques and vascular amyloid deposits. The
major constituent of these plaques is the
neurotoxic amyloid-beta-APP 40-42 peptide
(s), derived proteolytically from the
transmembrane precursor protein APP by
sequential secretase processing. The cytotoxic
C-terminal fragments (CTFs) and the caspasecleaved products such as C31 derived from
APP, are also implicated in neuronal death.
AD3. ALZHEIMER DISEASE 3 EARLYONSET. ALZHEIMER DISEASE 3.
ALZHEIMER DISEASE FAMILIAL 3 WITH
SPASTIC PARAPARESIS AND APRAXIA.
ALZHEIMER DISEASE FAMILIAL 3 WITH
SPASTIC PARAPARESIS AND UNUSUAL.
ALZHEIMER DISEASE FAMILIAL 3.
INCLUDED. PLAQUES INCLUDED.
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Defects in PSEN1 are a cause of
frontotemporal dementia [MIM:600274].
DEMENTIA FRONTOTEMPORAL WITH
PARKINSONISM. DEMENTIA
FRONTOTEMPORAL. DISINHIBITIONDEMENTIA-PARKINSONISMAMYOTROPHY COMPLEX.
FRONTOTEMPORAL DEMENTIA WITH
PARKINSONISM. FRONTOTEMPORAL
DEMENTIA-AMYOTROPHIC LATERAL
SCLEROSIS. FRONTOTEMPORAL
DEMENTIA. FRONTOTEMPORAL LOBAR
DEGENERATION. FRONTOTEMPORAL
LOBE DEMENTIA. FTDP17. MULTIPLE
SYSTEM TAUOPATHY WITH PRESENILE
DEMENTIA. PALLIDOPONTONIGRAL
DEGENERATION. PICK COMPLEX
INCLUDED. WILHELMSEN-LYNCH
DISEASE.
Defects in EIF2B2 are a cause of
leukoencephalopathy with vanishing white
matter (VWM) [MIM:603896]. VWM is a
brain disease that occurs mainly in children.
The neurological signs of VWM include
progressive cerebellar ataxia, spasticity,
inconstant optic atrophy and relatively
preserved mental abilities. The disease is
chronic-progressive with, in most individuals,
additional episodes of rapid deterioration
following febrile infections or minor head
trauma. Head trauma leads only to motor
deterioration, whereas infections with fever
may end in coma. Death occurs after a variable
period of a few years to a few decades, usually
following an episode of fever and coma.
CHILDHOOD ATAXIA WITH CENTRAL
NERVOUS SYSTEM
HYPOMYELINIZATION. CREE
LEUKOENCEPHALOPATHY.
LEUKOENCEPHALOPATHY WITH
VANISHING WHITE MATTER.
OVARIOLEUKODYSTROPHY INCLUDED.
VANISHING WHITE MATTER
LEUKODYSTROPHY WITH OVARIAN
FAILURE INCLUDED. VANISHING WHITE
MATTER LEUKODYSTROPHY.
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Defects in EIF2B2 are a cause of
ovarioleukodystrophy [MIM:603896]; also
known as vanishing white matter
leukodystrophy with ovarian failure. It is a
condition of ovarian failure associated with
cerebral abnormalities similar to those in
patients with vanishing white matter
leukodystrophy. CHILDHOOD ATAXIA
WITH CENTRAL NERVOUS SYSTEM
HYPOMYELINIZATION. CREE
LEUKOENCEPHALOPATHY.
LEUKOENCEPHALOPATHY WITH
VANISHING WHITE MATTER.
OVARIOLEUKODYSTROPHY INCLUDED.
VANISHING WHITE MATTER
LEUKODYSTROPHY WITH OVARIAN
FAILURE INCLUDED. VANISHING WHITE
MATTER LEUKODYSTROPHY.
Defects in ATP1A2 are the cause of familial
hemiplegic migraine 2 (FHM2) [MIM:602481].
Familial hemiplegic migraine is a rare, severe,
autosomal dominant subtype of migraine
characterized by aura and some hemiparesis.
MHP2. MIGRAINE FAMILIAL BASILAR
INCLUDED. MIGRAINE FAMILIAL
HEMIPLEGIC 2.
Defects in ATP1A2 are a cause of alternating
hemiplegia of childhood (AHC)
[MIM:104290]. AHC is typically distinguished
from familial hemiplegic migraine by infantile
onset of the symptoms and high prevalence of
associated neurological deficits that become
increasingly obvious with age.
ALTERNATING HEMIPLEGIA OF
CHILDHOOD.
Defects in P2RX1 are a cause of bleeding
disorder [MIM:600845].

Defects in KCNQ1 are the cause of long QT
syndrome type 1 (LQT1) [MIM:192500]; also
known as Romano-Ward syndrome (RWS).
Long QT syndromes are heart disorders
characterized by a prolonged QT interval on the
ECG and polymorphic ventricular arrhythmias.
They cause syncope and sudden death in
response to exercise or emotional stress. LQT1
inheritance is an autosomal dominant. LONG
QT SYNDROME 1 ACQUIRED
SUSCEPTIBILITY TO INCLUDED. LONG
QT SYNDROME 1. LONG QT SYNDROME
1/2 INCLUDED. ROMANO-WARD
SYNDROME. VENTRICULAR
FIBRILLATION WITH PROLONGED QT
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Defects in KCNQ1 are the cause of Jervell and
Lange-Nielsen syndrome type 1 (JLNS1)
[MIM:220400]. JLNS1 is an autosomal
recessive disorder characterized by congenital
deafness, prolongation of the QT interval,
syncopal attacks due to ventricular arrhythmias,
and a high risk of sudden death.
CARDIOAUDITORY SYNDROME OF
JERVELL AND LANGE-NIELSEN.
DEAFNESS CONGENITAL AND
FUNCTIONAL HEART DISEASE. JERVELL
AND LANGE-NIELSEN SYNDROME 1.
PROLONGED QT INTERVAL IN EKG AND
SUDDEN DEATH. SURDO-CARDIAC
SYNDROME.
Defects in KCNQ1 are the cause of atrial
fibrillation type 3 (ATFB3) [MIM:607554].
ATFB is characterized by rapid and irregular
activation of the atrium. ATFB causes
thromboembolism, tachycardia-mediated
cardiomyopathy, heart failure and ventricular
arrhythmia. ATRIAL FIBRILLATION
FAMILIAL 3.
Defects in KCNQ1 are the cause of short QT
syndrome type 2 (SQT2) [MIM:609621]. Short
QT syndromes are heart disorders characterized
by idiopathic persistently and uniformly short
QT interval on ECG in the absence of structural
heart disease in affected individuals. They
cause syncope and sudden death. SHORT QT
SYNDROME 2.
Defects in CLCNKB are the cause of Bartter
syndrome type 3 (BS3) [MIM:607364]; also
known as classic Bartter syndrome. It is an
autosomal recessive form of often severe
intravascular volume depletion due to renal
salt-wasting associated with low blood
pressure, hypokalemic alkalosis,
hypercalciuria, and normal serum magnesium
levels. BARTTER SYNDROME CLASSIC.
BARTTER SYNDROME TYPE 3 WITH
HYPOCALCIURIA INCLUDED. BARTTER
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Defects in CNBP are the cause of myotonic
dystrophy 2 (DM2) [MIM:602668]; also
known as proximal myotonic myopathy
(PROMM). DM2 is an autosomal dominant
neurodegenerative disorder characterized by
myotonia. DM2 is caused by a CCTG
expansion (mean approximately 5000 repeats)
located in intron 1 of the CNBP gene.
DYSTROPHIA MYOTONICA 2.
MYOTONIC DYSTROPHY 2. MYOTONIC
MYOPATHY PROXIMAL. PROXIMAL
MYOTONIC MYOPATHY. RICKER
SYNDROME.
Defects in HAMP are the cause of
hemochromatosis type 2B (HFE2B)
[MIM:602390]; also called juvenile
hemochromatosis (JH). JH is an early-onset
autosomal recessive disorder due to severe iron
overload resulting in hypogonadotroph
HEMOCHROMATOSIS DUE TO DEFECT IN
HEMOJUVELIN INCLUDED.
HEMOCHROMATOSIS DUE TO DEFECT IN
HEPCIDIN ANTIMICROBIAL PEPTIDE
INCLUDED. HEMOCHROMATOSIS
JUVENILE. HEMOCHROMATOSIS TYPE
2. HEMOCHROMATOSIS TYPE 2A
INCLUDED. HEMOCHROMATOSIS TYPE
2B INCLUDED.
Defects in FGD1 are the cause of AarskogScott syndrome (AAS) [MIM:305400]. This
faciogenital dysplasia is a rare multisystemic
disorder characterized by disproportionately
short stature, and by facial, skeletal, and
urogenital anomalies. AARSKOG-SCOTT
SYNDROME. FACIODIGITOGENITAL
SYNDROME. FACIOGENITAL
DYSPLASIA WITH ATTENTION DEFICITHYPERACTIVITY DISORDER.
FACIOGENITAL DYSPLASIA. FGDY.
INCLUDED.
Defects in FGD1 are a cause of non-syndromal
X-linked mental retardation.
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Defects in NDP are the cause of Norrie disease
(ND) [MIM:310600]; also known as atrophia
bulborum hereditaria or Episkopi blindness.
ND is a recessive disorder characterized by
very early childhood blindness due to
degenerative and proliferative changes of the
neuroretina. Approximately 50% of patients
show some form of progressive mental
disorder, often with psychotic features, and
about one-third of patients develop
sensorineural deafness in the second decade. In
addition, some patients have more complex
phenotypes, including growth failure and
seizure. ATROPHIA BULBORUM
HEREDITARIA. EPISKOPI BLINDNESS.
NORRIE DISEASE.
Defects in NDP are the cause of
vitreoretinopathy exudative type 2 (EVR2)
[MIM:305390]. EVR2 is a disorder of the
retinal vasculature characterized by an abrupt
cessation of growth of peripheral capillaries,
leading to an avascular peripheral retina. This
may lead to compensatory retinal
neovascularization, which is thought to be
induced by hypoxia from the initial avascular
insult. New vessels are prone to leakage and
rupture causing exudates and bleeding,
followed by scarring, retinal detachment and
blindness. Clinical features can be highly
variable, even within the same family. Patients
with mild forms of the disease are
asymptomatic, and their only disease related
abnormality is an arc of avascular retina in the
extreme temporal periphery. EVRX.
EXUDATIVE VITREORETINOPATHY
FAMILIAL 2. EXUDATIVE
VITREORETINOPATHY FAMILIAL XLINKED RECESSIVE. FEVR X-LINKED.
Defects in KRT17 are a cause of pachyonychia
congenita type 2 (PC2) [MIM:167210]; also
known as pachyonychia congenita JacksonLawler type. PC2 is an autosomal dominant
ectodermal dysplasia characterized by
hypertrophic nail dystrophy resulting in
onchyogryposis (thickening and increase in
curvature of the nail), palmoplantar
keratoderma and hyperhidrosis, follicular
hyperkeratosis, multiple epidermal cysts,
absent/sparse eyebrow and body hair, and by
the presence of natal teeth. PACHYONYCHIA
CONGENITA JACKSON-LAWLER TYPE.
PACHYONYCHIA CONGENITA TYPE 2.
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Defects in KRT17 are a cause of steatocystoma
multiplex (SM) [MIM:184500]. SM is a
disease characterized by round or oval cystic
tumors widely distributed on the back, anterior
trunk, arms, scrotum, and thighs.
SEBACEOUS CYSTS MULTIPLE.
STEATOCYSTOMA MULTIPLEX.
KRT16 and KRT17 are coexpressed only in
pathological situations such as metaplasias and
carcinomas of the uterine cervix and in
psoriasis vulgaris.

A chromosomal aberration involving ZBTB16
may be a cause of acute promyelocytic
leukemia (APL). Translocation
t(11;17)(q32;q21) with RARA.
Defects in PAX8 are the cause of congenital
hypothyroidism non-goitrous type 2 (CHNG2)
[MIM:218700]. CHNG2 is a disease
characterized by thyroid dysgenesis, the most
frequent cause of congenital hypothyroidism,
accounting for 85% of case. The thyroid gland
can be completely absent (athyreosis),
ectopically located and/or severely hypoplastic.
Ectopic thyroid gland is the most frequent
malformation, with thyroid tissue being found
most often at the base of the tongue.
ATHYREOTIC HYPOTHYROIDISM.
HYPOTHYROIDISM ATHYREOTIC.
HYPOTHYROIDISM CONGENITAL DUE
TO THYROID DYSGENESIS.
HYPOTHYROIDISM CONGENITAL
NONGOITROUS 2. RESISTANCE TO
THYROTROPIN. THYROID AGENESIS.
THYROID DYSGENESIS. THYROID
ECTOPIC. THYROID HYPOPLASIA.
THYROTROPIN RESISTANCE.
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Defects in KCNA1 are the cause of episodic
ataxia type 1 (EA1) [MIM:160120]; also
known as paroxysmal or episodic ataxia with
myokymia (EAM) or paroxysmal ataxia with
neuromyotonia. EA1 is an autosomal dominant
disorder characterized by brief episodes of
ataxia and dysarthria. Neurological
examination during and between the attacks
demonstrates spontaneous, repetitive
discharges in the distal musculature
(myokymia) that arise from peripheral nerve.
Nystagmus is absent. ATAXIA EPISODIC
WITH MYOKYMIA. CONTINUOUS
MUSCLE FIBER ACTIVITY HEREDITARY
INCLUDED. EPISODIC ATAXIA TYPE 1.
EPISODIC ATAXIA WITH MYOKYMIA.
ISAACS-MERTENS SYNDROME
INCLUDED. MYOKYMIA 1 INCLUDED.
MYOKYMIA WITH PERIODIC ATAXIA.
PAROXYSMAL ATAXIA WITH
NEUROMYOTONIA HEREDITARY.
Defects in FOXC1 are a cause of AxenfeldRieger syndrome (ARS) [MIM:601090]; also
known as Axenfeld syndrome or Axenfeld
anomaly. It is characterized by posterior
corneal embryotoxon, prominent Schwalbe line
and iris adhesion to the Schwalbe line. Other
features may be hypertelorism (wide spacing of
the eyes), hypoplasia of the malar bones,
congenital absence of some teeth and mental
retardation. When associated with tooth
anomalies, the disorder is known as Rieger
syndrome. Glaucoma is a progressive blinding
condition that occurs in approximately half of
patients with Axenfeld-Rieger malformations.
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Defects in FOXC1 are the cause of
iridogoniodysgenesis anomaly (IGDA)
[MIM:601631]. IGDA is an autosomal
dominant phenotype characterized by iris
hypoplasia, goniodysgenesis, and juvenile
glaucoma. GLAUCOMA
IRIDOGONIODYSPLASIA FAMILIAL
INCLUDED. IRIDOGONIODYSGENESIS
ANOMALY AUTOSOMAL DOMINANT.
IRIDOGONIODYSGENESIS TYPE 1.

Abnormal
ities,
Multiple*
*Eye
Diseases,
Hereditary
**Glauco
ma,
AngleClosure**
Eye
Abnormal
ities

Hydrophthalmos**J
uvenile glaucoma

C0020
302**
C0020
302

1000
**10
00

145

Q12948

Q13608

Q13608

Q13698

Q13698

Defects in FOXC1 are a cause of Peters
anomaly [MIM:604229]. Peters anomaly
consists of a central corneal leukoma, absence
of the posterior corneal stroma and Descemet
membrane, and a variable degree of iris and
lenticular attachments to the central aspect of
the posterior cornea. PETERS ANOMALY.
Defects in PEX6 are the cause of peroxisome
biogenesis disorder complementation group 4
(PBD-CG4) [MIM:601498]; also known as
PBD-CGC. PBD refers to a group of
peroxisomal disorders arising from a failure of
protein import into the peroxisomal membrane
or matrix. The PBD group is comprised of four
disorders: Zellweger syndrome (ZWS),
neonatal adrenoleukodystrophy (NALD),
infantile Refsum disease (IRD), and classical
rhizomelic chondrodysplasia punctata (RCDP).
ZWS, NALD and IRD are distinct from RCDP
and constitute a clinical continuum of
overlapping phenotypes known as the
Zellweger spectrum. The PBD group is
genetically heterogeneous with at least 14
distinct genetic groups as concluded from
complementation studies.
Defects in PEX6 are a cause of Zellweger
syndrome (ZWS) [MIM:214100]. ZWS is a
fatal peroxisome biogenesis disorder
characterized by dysmorphic facial features,
hepatomegaly, ocular abnormalities, renal
cysts, hearing impairment, profound
psychomotor retardation, severe hypotonia and
neonatal seizures. Death occurs within the first
year of life. CEREBROHEPATORENAL
SYNDROME. CHR SYNDROME.
ZELLWEGER SYNDROME. ZWS.
Defects in CACNA1S are a cause of
hypokalemic periodic paralysis (HYPOKPP)
[MIM:170400]; also designated HOKPP.
HYPOKPP is an autosomal dominant skeletal
muscle disorder manifested by episodic
weakness associated with low serum
potassium. Muscle weakness could be due to
altered excitation-contraction coupling in
HYPOKPP patients. HOKPP1.
HYPOKALEMIC PERIODIC PARALYSIS.
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Defects in CACNA1S are the cause of
malignant hyperthermia susceptibility 5
(MHS5) [MIM:601887]; an autosomal
dominant disorder that is potentially lethal in
susceptible individuals on exposure to
commonly used inhalational anesthetics and
depolarizing muscle relaxants. MALIGNANT
HYPERTHERMIA SUSCEPTIBILITY TO 5.
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Defects in RUNX2 are the cause of
cleidocranial dysplasia (CCD) [MIM:119600].
CCD is an autosomal dominant skeletal
disorder with high penetrance and variable
expressivity. It is due to defective endochondral
and intramembranous bone formation. Typical
features include hypoplasia/aplasia of clavicles,
patent fontanelles, wormian bones (additional
cranial plates caused by abnormal ossification
of the calvaria), supernumerary teeth, short
stature, and other skeletal changes. In some
cases defects in RUNX2 are exclusively
associated with dental anomalies.
CLEIDOCRANIAL DYSOSTOSIS.
CLEIDOCRANIAL DYSPLASIA FORME
FRUSTE DENTAL ANOMALIES ONLY
INCLUDED. CLEIDOCRANIAL
DYSPLASIA FORME FRUSTE WITH
BRACHYDACTYLY INCLUDED.
CLEIDOCRANIAL DYSPLASIA.
A chromosomal aberration involving ZMYM3
may be a cause of X-linked mental retardation
in Xq13.1. Translocation t(X;13)(q13.1;?).
Defects in FLNC are the cause of autosomal
dominant filaminopathy [MIM:609524,
601419]. Myofibrillar myopathy (MFM) is a
neuromuscular disorder, usually with an adult
onset, characterized by focal myofibrillar
destruction and pathological cytoplasmic
protein aggregations. Autosomal dominant
filaminopathy is a form of MFM characterized
by morphological features of MFM and clinical
features of a limb-girdle myopathy. A
heterozygous nonsense mutation which
segregates with the disease, has been identified
in the FLNC gene. FILAMINOPATHY
AUTOSOMAL DOMINANT. MFM
FILAMIN C-RELATED. MYOPATHY
MYOFIBRILLAR FILAMIN C-RELATED.
DESMIN-RELATED MYOPATHY.
DESMINOPATHY PRIMARY. MFM
DESMIN-RELATED. MYOPATHY
DESMIN-RELATED. MYOPATHY
MYOFIBRILLAR DESMIN-RELATED.
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A chromosomal aberration involving SUZ12
may be a cause of endometrial stromal tumors.
Translocation t(7;17)(p15;q21) with JAZF1.
The translocation generates the JAZF1-SUZ12
oncogene consisting of the N-terminus part of
JAZF1 and the C-terminus part of SUZ12. It is
frequently found in all cases of endometrial
stromal tumors, except in endometrial stromal
sarcomas, where it is rarer.
Defects in SHH are the cause of
microphthalmia isolated with coloboma type 5
(MCOPCB5) [MIM:611638]. Microphthalmia
is a clinically heterogeneous disorder of eye
formation, ranging from small size of a single
eye to complete bilateral absence of ocular
tissues. Ocular abnormalities like opacities of
the cornea and lens, scaring of the retina and
choroid, cataract and other abnormalities like
cataract may also be present. Ocular colobomas
are a set of malformations resulting from
abnormal morphogenesis of the optic cup and
stalk, and the fusion of the fetal fissure (optic
fissure). MICROPHTHALMIA ISOLATED
WITH COLOBOMA 5.
Defects in SHH are the cause of
holoprosencephaly type 3 (HPE3)
[MIM:142945]. Holoprosencephaly (HPE)
[MIM:236100] is the most common structural
anomaly of the brain, in which the developing
forebrain fails to correctly separate into right
and left hemispheres. Holoprosencephaly is
genetically heterogeneous and associated with
several distinct facies and phenotypic
variability. The majority of HPE3 cases are
apparently sporadic, although clear exemples of
autosomal dominant inheritance have been
described. Interestingly, up to 30% of obligate
carriers of HPE3 gene in autosomal dominant
pedigrees are clinically unaffected. HLP3.
HOLOPROSENCEPHALY 3.
ARHINENCEPHALY. CYCLOPIA
INCLUDED. HOLOPROSENCEPHALY 1
INCLUDED. HOLOPROSENCEPHALY
FAMILIAL ALOBAR.
HOLOPROSENCEPHALY. HPE FAMILIAL.
Defects in SHH are a cause of solitary median
maxillary central incisor (SMMCI)
[MIM:147250]. SMMCI is a rare dental
anomaly characterized by the congenital
absence of one maxillary central incisor.
FUSED INCISORS. INCISORS FUSED.
SINGLE CENTRAL MAXILLARY INCISOR.
SINGLE UPPER CENTRAL INCISOR.
SMMCI SYNDROME INCLUDED.
SOLITARY MEDIAN MAXILLARY
CENTRAL INCISOR SYNDROME
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Defects in SHH are the cause of triphalangeal
thumb-polysyndactyly syndrome (TPTPS)
[MIM:174500]. TPTPS is an autosomal
dominant syndrome characterized by a wide
spectrum of pre- and post-axial abnormalities
due to altered SHH expression pattern during
limb development. TPTPS mutations have been
mapped to the 7q36 locus in the LMBR1 gene
which contains in its intron 5 a long-range cisregulatory element of SHH expression.
POLYDACTYLY OF TRIPHALANGEAL
THUMB. POLYDACTYLY PREAXIAL II.
TPT-PS SYNDROME INCLUDED.
TRIPHALANGEAL THUMB INCLUDED.
TRIPHALANGEAL THUMB WITH
POLYSYNDACTYLY INCLUDED.
TRIPHALANGEAL THUMBPOLYDACTYLY SYNDROME.
TRIPHALANGEAL THUMBPOLYSYNDACTYLY SYNDROME
INCLUDED.
Defects in EXT1 are a cause of hereditary
multiple exostoses type 1 (EXT1)
[MIM:133700]. EXT is a genetically
heterogeneous bone disorder caused by genes
segregating on human chromosomes 8, 11, and
19 and designated EXT1, EXT2 and EXT3
respectively. EXT is a dominantly inherited
skeletal disorder primarily affecting
endochondral bone during growth. The disease
is characterized by formation of numerous
cartilage-capped, benign bone tumors
(osteocartilaginous exostoses or
osteochondromas) that are often accompanied
by skeletal deformities and short stature. In a
small percentage of cases exostoses have
exhibited malignant transformation resulting in
an osteosarcoma or chondrosarcoma.
Osteochondromas development can also occur
as a sporadic event. DIAPHYSEAL
ACLASIS. EXOSTOSES MULTIPLE TYPE
I. EXT. MULTIPLE CARTILAGINOUS
EXOSTOSES. MULTIPLE
OSTEOCHONDROMATOSIS.
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Defects in EXT1 are the cause of multiple
exostoses observed in Langer-Giedon
syndrome (LGS) [MIM:150230]; also known
as trichorhinophalangeal syndrome type 2
(TRPS2). It is a contiguous gene syndrome due
to deletions in chromosome 8q24.1 and
resulting in the loss of functional copies of
EXT1 and TRPS1. LANGER-GIEDION
SYNDROME.
TRICHORHINOPHALANGEAL
SYNDROME TYPE II.
Defects in EXT1 may be a cause of
chondrosarcoma [MIM:215300].
CHONDROSARCOMA.
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A chromosomal aberration involving
POU2AF1/OBF1 may be a cause of a form of
B-cell leukemia. Translocation
t(3;11)(q27;q23) with BCL6.
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Defects in KIAA0319 may be a cause of
susceptibility to dyslexia (DYX2)
[MIM:600202]; also called reading disability.
DYX2 is a relatively common, complex
cognitive disorder that affects 5 per cent to 10
per cent of school-aged children. The disorder
is characterized by an impairment of reading
performance despite adequate motivational,
educational, and intellectual opportunities and
in the absence of sensory or neurological
disability. DYSLEXIA SUSCEPTIBILITY TO
2. READING DISABILITY SPECIFIC 2.

Dyslexia*
*Genetic
Predisposi
tion to
Disease

Dyslexia

C0476
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NA

Q16394
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Q7Z2E3

Defects in CYP4V2 are a cause of Bietti
crystalline corneoretinal dystrophy (BCD)
[MIM:210370]. BCD is an autosomal recessive
retinal dystrophy characterized by multiple
glistening intraretinal crystals scattered over
the fundus, a characteristic degeneration of the
retina, and sclerosis of the choroidal vessels,
ultimately resulting in progressive night
blindness and constriction of the visual field.
Most cases have similar crystals at the
corneoscleral limbus. Clinically, BCD is
progressive. Patients develop decreased vision,
nyctalopia, and paracentral scotomata between
the 2nd and 4th decade of life. Later, patients
develop peripheral visual field loss and marked
visual impairment, usually progressing to legal
blindness by the 5th or 6th decade of life.
BCD. BIETTI CRYSTALLINE
CORNEORETINAL DYSTROPHY. BIETTI
TAPETORETINAL DEGENERATION WITH
MARGINAL CORNEAL DYSTROPHY.
Defects in ANO5 are the cause of
gnathodiaphyseal dysplasia (GDD)
[MIM:166260]; also called osteogenesis
imperfecta with unusual skeletal lesions or
gnathodiaphyseal sclerosis. GDD is a rare
skeletal syndrome characterized by bone
fragility, sclerosis of tubular bones, and
cemento-osseous lesions of the jawbone.
Patients experience frequent bone fractures
caused by trivial accidents in childhood;
however the fractures heal normally without
bone deformity. The jaw les
GNATHODIAPHYSEAL DYSPLASIA.
GNATHODIAPHYSEAL SCLEROSIS.
OSTEOGENESIS IMPERFECTA WITH
UNUSUAL SKELETAL LESIONS.
Defects in APTX are the cause of ataxiaoculomotor apraxia syndrome (AOA)
[MIM:208920]. AOA is an autosomal recessive
syndrome characterized by early-onset
cerebellar ataxia, oculomotor apraxia, early
areflexia and late peripheral neuropathy.
ATAXIA ADULT-ONSET WITH
OCULOMOTOR APRAXIA INCLUDED.
ATAXIA EARLY-ONSET WITH
OCULOMOTOR APRAXIA AND
HYPOALBUMINEMIA. ATAXIAOCULOMOTOR APRAXIA 1. ATAXIAOCULOMOTOR APRAXIA SYNDROME.
ATAXIA-TELANGIECTASIA-LIKE
SYNDROME. CEREBELLAR ATAXIA
EARLY-ONSET WITH
HYPOALBUMINEMIA. EAOH.
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Defects in APTX are a cause of coenzyme Q10
deficiency [MIM:607426]. Coenzyme Q10
deficiency is an autosomal recessive disorder
with variable manifestations. It can be
associated with three main clinical phenotypes:
a predominantly myopathic form with central
nervous system involvement, an infantile
encephalomyopathy with renal dysfunction and
an ataxic form with cerebellar atrophy.
Coenzyme Q10 deficiency due to APTX
mutations is typically associated with
cerebellar ataxia. COENZYME Q10
DEFICIENCY. CoQ10 DEFICIENCY
PRIMARY.
Defects in OSTM1 are the cause of
osteopetrosis autosomal recessive type 5
(OPTB5) [MIM:259720]; also called infantile
malignant osteopetrosis 3. Osteopetrosis is a
rare genetic disease characterized by
abnormally dense bone, due to defective
resorption of immature bone. The disorder
occurs in two forms: a severe autosomal
recessive form occurring in utero, infancy, or
childhood, and a benign autosomal dominant
form occurring in adolescence or adulthood.
OPTB5 patients manifest primary central
nervous system involvement in addition to the
classical stigmata of severe bone sclerosis,
growth failure, anemia, thrombocytopenia and
visual impairment with optic atrophy.
OSTEOPETROSIS AUTOSOMAL
RECESSIVE 5. OSTEOPETROSIS
INFANTILE MALIGNANT 3.
A chromosomal aberration involving
APPL2/DIP13B is a cause of the chromosome
22q13.3 deletion syndrome [MIM:606232].
Translocation t(12;22)(q24.1;q13.3) with
SHANK3/PSAP2. CHROMOSOME 22q13.3
DELETION SYNDROME. TELOMERIC
22q13 MONOSOMY SYNDROME.
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Defects in BBS10 are the cause of Bardet-Biedl
syndrome type 10 (BBS10) [MIM:209900].
Bardet-Biedl syndrome (BBS) is a genetically
heterogeneous, autosomal recessive disorder
characterized by usually severe pigmentary
retinopathy, early onset obesity, polydactyly,
hypogenitalism, renal malformation and mental
retardation. BARDET-BIEDL SYNDROME 1
INCLUDED. BARDET-BIEDL SYNDROME
10 INCLUDED. BARDET-BIEDL
SYNDROME 11 INCLUDED. BARDETBIEDL SYNDROME 12 INCLUDED.
BARDET-BIEDL SYNDROME 13
INCLUDED. BARDET-BIEDL SYNDROME
14 INCLUDED. BARDET-BIEDL
SYNDROME 2 INCLUDED. BARDETBIEDL SYNDROME 3 INCLUDED.
BARDET-BIEDL SYNDROME 4
INCLUDED. BARDET-BIEDL SYNDROME
5 INCLUDED. BARDET-BIEDL
SYNDROME 6 INCLUDED. BARDETBIEDL SYNDROME 7 INCLUDED.
BARDET-BIEDL SYNDROME 8
INCLUDED. BARDET-BIEDL SYNDROME
9 INCLUDED. BARDET-BIEDL
SYNDROME.
Defects in FRZB are associated with femalespecific osteoarthritis (OA) susceptibility
[MIM:165720]. It is the most prevalent form of
arthritis and a common cause of disability. OA.
OSTEOARTHRITIS OF HIP FEMALESPECIFIC SUSCEPTIBILITY TO.
OSTEOARTHRITIS SUSCEPTIBILITY 1.
OSTEOARTHROSIS.
Defects in OPTN are the cause of primary open
angle glaucoma type 1E (GLC1E)
[MIM:137760]. Primary open angle glaucoma
(POAG) is characterized by a specific pattern
of optic nerve and visual field defects. The
angle of the anterior chamber of the eye is
open, and usually the intraocular pressure is
increased. The disease is asymptomatic until
the late stages, by which time significant and
irreversible optic nerve damage has already
taken place. GLAUCOMA 1 OPEN ANGLE E
INCLUDED. GLAUCOMA PRIMARY OPEN
ANGLE ADULT-ONSET INCLUDED.
GLAUCOMA PRIMARY OPEN ANGLE.
Defects in OPTN are a cause of susceptibility
to normal pressure glaucoma (NPG)
[MIM:606657]. GLAUCOMA NORMAL
PRESSURE SUSCEPTIBILITY TO.
GLAUCOMA NORMAL TENSION
SUSCEPTIBILITY TO. NTG.
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Q96SD1

Q96SD1

Defects in DCLRE1C are a cause of severe
combined immunodeficiency autosomal
recessive T-cell-negative/B-cell-negative/NKcell-positive with sensitivity to ionizing
radiation (RSSCID) [MIM:602450]. SCID
refers to a genetically and clinically
heterogeneous group of rare congenital
disorders characterized by impairment of both
humoral and cell-mediated immunity,
leukopenia, and low or absent antibody levels.
Patients with SCID present in infancy with
recurrent, persistent infections by opportunistic
organisms. The common characteristic of all
types of SCID is absence of T-cell-mediated
cellular immunity due to a defect in T-cell
development. Individuals affected by RS-SCID
show defects in the DNA repair machinery
necessary for coding joint formation and the
completion of V(D)J recombination. A subset
of cells from such patients show increased
radiosensitivity. ATHABASKAN SEVERE
COMBINED IMMUNODEFICIENCY
INCLUDED. INCLUDED. RS-SCID. SCID
AUTOSOMAL RECESSIVE T CELLNEGATIVE B CELL-NEGATIVE NK CELLPOSITIVE. SEVERE COMBINED
IMMUNODEFICIENCY ATHABASKANTYPE INCLUDED. SEVERE COMBINED
IMMUNODEFICIENCY PARTIAL
INCLUDED. SEVERE COMBINED
IMMUNODEFICIENCY WITH
SENSITIVITY TO IONIZING RADIATION.
WITH SENSITIVITY TO IONIZING
RADIATION.
Defects in DCLRE1C are the cause of severe
combined immunodeficiency Athabaskan type
(SCIDA) [MIM:602450]. SCIDA is a variety of
RS-SCID caused by a founder mutation in
Athabascan-speaking native Americans, being
inherited as an autosomal recessive trait with
an estimated gene frequency of 2.1% in the
Navajo population. Affected individuals exhibit
clinical symptoms and defects in DNA repair
comparable to those seen in RS-SCID.
ATHABASKAN SEVERE COMBINED
IMMUNODEFICIENCY INCLUDED.
INCLUDED. RS-SCID. SCID AUTOSOMAL
RECESSIVE T CELL-NEGATIVE B CELLNEGATIVE NK CELL-POSITIVE. SEVERE
COMBINED IMMUNODEFICIENCY
ATHABASKAN-TYPE INCLUDED.
SEVERE COMBINED
IMMUNODEFICIENCY PARTIAL
INCLUDED. SEVERE COMBINED
IMMUNODEFICIENCY WITH
SENSITIVITY TO IONIZING RADIATION.
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WITH SENSITIVITY TO IONIZING
RADIATION.

Q96SD1

Q96SD1

Defects in DCLRE1C are the cause of severe
combined immunodeficiency Athabaskan type
(SCIDA) [MIM:602450]. SCIDA is a variety of
RS-SCID caused by a founder mutation in
Athabascan-speaking native Americans, being
inherited as an autosomal recessive trait with
an estimated gene frequency of 2.1% in the
Navajo population. Affected individuals exhibit
clinical symptoms and defects in DNA repair
comparable to those seen in RS-SCID.
ATHABASKAN SEVERE COMBINED
IMMUNODEFICIENCY INCLUDED.
INCLUDED. RS-SCID. SCID AUTOSOMAL
RECESSIVE T CELL-NEGATIVE B CELLNEGATIVE NK CELL-POSITIVE. SEVERE
COMBINED IMMUNODEFICIENCY
ATHABASKAN-TYPE INCLUDED.
SEVERE COMBINED
IMMUNODEFICIENCY PARTIAL
INCLUDED. SEVERE COMBINED
IMMUNODEFICIENCY WITH
SENSITIVITY TO IONIZING RADIATION.
WITH SENSITIVITY TO IONIZING
RADIATION.
Defects in DCLRE1C are a cause of Omenn
syndrome (OS) [MIM:603554]. OS is
characterized by severe combined
immunodeficiency associated with
erythrodermia, hepatosplenomegaly,
lymphadenopathy and alopecia. Affected
individuals have elevated T-lymphocyte counts
with a restricted T-cell receptor (TCR)
repertoire. They also generally lack Blymphocytes, but have normal natural killer
(NK) cell function (T+ B- NK+). OMENN
SYNDROME. RETICULOENDOTHELIOSIS
FAMILIAL WITH EOSINOPHILIA.
SEVERE COMBINED
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Absent in patients suffering from Zellweger
syndrome.
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Defects in CHST6 are the cause of macular
corneal dystrophy (MCD) [MIM:217800].
MCD is an autosomal recessive disease
characterized by corneal opacities. Onset
occurs in the first decade, usually between ages
5 and 9. The disorder is progressive. Minute,
gray, punctate opacities develop. Corneal
sensitivity is usually reduced. Painful attacks
with photophobia, foreign body sensations, and
recurrent erosions occur in most patients. There
are different types of MCD: MCD type I, in
which there is a virtual absence of sulfated
keratan sulfate (KS) in the serum and cornea,
as determined by KS-specific antibodies; and
MCD type II, in which the normal sulfated KSantibody response is present in cornea and
serum. MCD type I patients usually have a
homozygous missense mutation, while MCD
type II patients show a large deletion and
replacement in the upstream region of CHST6.
The only missense mutation for type II is Cys50, which is heterozygous with a replacement
in the upstream region on the other allele of
CHST6. CORNEAL DYSTROPHY
MACULAR TYPE. GROENOUW TYPE II
CORNEAL DYSTROPHY. MACULAR
CORNEAL DYSTROPHY TYPE I.
MACULAR CORNEAL DYSTROPHY TYPE
II INCLUDED. MACULAR DYSTROPHY
CORNEAL 1. MCD.
A chromosomal aberration involving BCAS3
may be a cause of breast cancer. Translocation
t(17;20)(q23;q13) with BCAS4.
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Defects in FKRP are the cause of congenital
muscular dystrophy type 1C (MDC1C)
[MIM:606612]. Congenital muscular
dystrophies (CMD) are a heterogeneous group
of autosomal recessive disorders characterized
by hypotonia, muscle weakness, and joint
contractures that present at birth or during the
first 6 months of life and have dystrophic
changes on skeletal muscle biopsy. Mental
retardation with or without structural CNS
changes may accompany some forms. MDC1C
is a form of CMD with onset in the first weeks
of life and a severe phenotype with inability to
walk, muscle hypertrophy, marked elevation of
serum creatine kinase, a secondary deficiency
of laminin alpha2, and a marked reduction in
alpha-dystroglycan expression. Only a subset
of MDC1C patients have brain involvements.
MUSCULAR DYSTROPHY CONGENITAL
1C.
Defects in FKRP are the cause of limb-girdle
muscular dystrophy type 2I (LGMD2I)
[MIM:607155]. LGMD2I is an autosomal
recessive disorder with age of onset ranging
from childhood to adult life, and variable
severity. Clinical features include proximal
muscle weakness, waddling gait, calf
hypertrophy, cardiomyopathy and respiratory
insufficiency. A reduction of alphadystroglycan and laminin alpha-2 expression
can be observed on skeletal muscle biopsy
from LGMD2I patients. MUSCULAR
DYSTROPHY LIMB-GIRDLE TYPE 2I.
Defects in FKRP may be a cause of muscleeye-brain disease (MEB) [MIM:253280]. MEB
is an autosomal recessive disorder
characterized by congenital muscular
dystrophy, ocular abnormalities, cobblestone
lissencephaly and cerebellar hypoplasia. MEB
patients present severe congenital myopia,
congenital glaucoma, pallor of the optic disks,
retinal hypoplasia, mental retardation,
hydrocephalus, abnormal
electroencephalograms, generalized muscle
weakness and myoclonic jerks. MUSCLEEYE-BRAIN DISEASE.
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Defects in FKRP may be a cause of WalkerWarburg syndrome (WWS) [MIM:236670];
also known as hydrocephalus-agyria-retinal
dysplasia or HARD syndrome. WWS is an
autosomal recessive disorder characterized by
cobblestone lissencephaly, hydrocephalus,
agyria, retinal displasia, with or without
encephalocele. It is often associated with
congenital muscular dystrophy and usually
lethal within the first few months of life.
CEREBROOCULAR DYSGENESIS.
CEREBROOCULAR DYSPLASIAMUSCULAR DYSTROPHY SYNDROME.
CHEMKE SYNDROME. COD-MD
SYNDROME. HARD +/- E SYNDROME.
HARD SYNDROME. HYDROCEPHALUS
AGYRIA AND RETINAL DYSPLASIA.
MICROCEPHALY AND SEVERE MENTAL
RETARDATION INCLUDED. MUSCULAR
DYSTROPHY CONGENITAL ASSOCIATED
WITH CALF HYPERTROPHY. MUSCULAR
DYSTROPHY CONGENITAL PLUS
MENTAL RETARDATION INCLUDED.
PAGON SYNDROME. WALKERWARBURG SYNDROME. WARBURG
SYNDROME.
Defects in SLC40A1 are the cause of
hemochromatosis type 4 (HFE4)
[MIM:606069]. HFE4 is an autosomal
dominant iron-loading disorder characterized
by early iron accumulation in
reticuloendothelial cells and a marked increase
in serum ferritin before elevation of the
transferrin saturation. HEMOCHROMATOSIS
AUTOSOMAL DOMINANT.
HEMOCHROMATOSIS DUE TO DEFECT IN
FERROPORTIN. HEMOCHROMATOSIS
TYPE 4.
AZFc deletions in the Yq11.23 region,
including the DAZ genes, are a cause of
azoospermia or oligospermia. They lead to
male infertility due to impaired
spermatogenesis and are found 2-10% of
azoospermic or severe oligospermic males.
Some AZFc deletions remove only the DAZ
and DAZ2 genes and cause severe
oligozoospermia.

158

Genetic
Diseases,
Inborn**
Abnormal
ities,
Multiple*
*Muscular
Dystrophi
es**Brain
Diseases*
*Retinal
Dysplasia

Hydrocephalus**M
uscular
Dystrophies**Ment
al
Retardation**Brain
Diseases**Severe
mental retardation,
IQ 20-34**Retinal
Diseases

C0020
255**
C0026
850**
C0025
362**
C0025
958**
C0036
857**
C0035
313

1000
**10
00**
1000
**10
00**
1000
**10
00

Hemochro
matosis

Hemochromatosis

C0018
995

NA

Azoosper
mia**Olig
ospermia

Azoospermia**Olig
ospermia**Infertilit
y, Male

C0004
509**
C0028
960**
C0268
980

1000
**10
00**
1000

Q9NVA
2

A chromosomal aberration involving SEPT11
may be a cause of chronic neutrophilic
leukemia. Translocation t(4;11)(q21;q23) with
MLL/HRX.
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Defects in GNE are a cause of sialuria
[MIM:269921]; also known as sialuria French
type. In sialuria, free sialic acid accumulates in
the cytoplasm and gram quantities of
neuraminic acid are secreted in the urine. The
metabolic defect involves lack of feedback
inhibition of UDP-GlcNAc 2-epimerase by
CMP-Neu5Ac, resulting in constitutive
overproduction of free Neu5Ac. Clinical
features include variable degrees of
developmental delay, coarse facial features and
hepatomegaly. Sialuria inheritance is autosomal
dominant. SIALURIA FRENCH TYPE.
SIALURIA.
Defects in GNE are the cause of inclusion body
myopathy type 2 (IBM2) [MIM:600737].
Hereditary inclusion body myopathies are a
group of neuromuscular disorders characterized
by adult onset, slowly progressive distal and
proximal weakness and a typical muscle
pathology including rimmed vacuoles and
filamentous inclusions. IBM2 is an autosomal
recessive disorder affecting mainly leg
muscles, but with an unusual distribution that
spares the quadriceps as also observed in
Nonaka myopathy. INCLUSION BODY
MYOPATHY 2 AUTOSOMAL RECESSIVE.
INCLUSION BODY MYOPATHY
AUTOSOMAL RECESSIVE. INCLUSION
BODY MYOPATHY QUADRICEPSSPARING.
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Defects in GNE are the cause of Nonaka
myopathy (NM) [MIM:605820]; also known as
distal myopathy with rimmed vacuoles
(DMRV). NM is an autosomal recessive
muscular disorder, allelic to inclusion body
myopathy 2. It is characterized by weakness of
the anterior compartment of the lower limbs
with onset in early adulthood, and sparing of
the quadriceps muscles. As the inclusion body
myopathy, NM is histologically characterized
by the presence of numerous rimmed vacuoles
without inflammatory changes in muscle
specimens. MYOPATHY DISTAL WITH
RIMMED VACUOLES. NONAKA DISTAL
MYOPATHY. NONAKA MYOPATHY.
Defects in AMMECR1 may be a cause of
AMME complex [MIM:300194]; also known
as Alport syndrome with mental retardation,
midface hypoplasia and elliptocytosis. The
AMME complex is a contiguous gene deletion
syndrome. ALPORT SYNDROME MENTAL
RETARDATION MIDFACE HYPOPLASIA
AND ELLIPTOCYTOSIS. AMME
COMPLEX. ATS-MR.

Defects in ICOS are the cause of ICOS
deficiency (ICOSD) [MIM:607594]. ICOSD is
a form of common variable immunodeficiency
(CVID) characterized by recurrent bacterial
infections of the respiratory and digestive tracts
characteristic of humoral immunodeficiency.
There is absence of other complicating features
of CVID such as splenomegaly, autoimmune
phenomena, or sarcoid-like granulomas and
absence of clinical signs of overt T-cell
immunodeficiency. A severe disturbance of the
T-cell-dependent B-cell maturation occurs in
secondary lymphoid tissue. B-cells exhibit a
naive IgD+/IgM+ phenotype and the numbers
of IgM memory and switched memory B-cells
are substantially reduced. ICOS
DEFICIENCY. ICOSD.
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Appendix 3: Curated set of disease similarities used as the benchmark set.
36 diseases were used for the evaluation. Cancers were omitted as many downstream biological
processes are affected and discernment between processes related to causation and secondary effects
could be difficult. Using expert knowledge and pubmed literature search a total of 68 true positive
pairs were detected. The disease pairs are listed along with the Concept User Identifier from UMLS.
Disease1

Cui1

Disease2

Cui2

Alzheimer's Disease

C0002395

Schizophrenia

C0036341

Alzheimer's Disease

C0002395

Mental Depression

C0011570

Alzheimer's Disease

C0002395

Brain Diseases, Metabolic, Inborn

C0752109

Alzheimer's Disease

C0002395

Bipolar Disorder

C0005586

Alzheimer's Disease

C0002395

Diabetic Nephropathy

C0011881

Alzheimer's Disease

C0002395

Epilepsy

C0014544

Alzheimer's Disease

C0002395

Diabetes Mellitus

C0011849

Anemia

C0002871

Endometriosis

C0014175

Asthma

C0004096

Rheumatoid Arthritis

C0003873

Asthma

C0004096

Diabetes Mellitus

C0011849

Asthma

C0004096

Obesity

C0028754

Asthma

C0004096

Chronic Obstructive Airway Disease

C0024117

Bipolar Disorder

C0005586

Schizophrenia

C0036341

Brain Diseases, Metabolic, Inborn

C0752109

lipid disorder

C0348494

Brain Diseases, Metabolic, Inborn

C0752109

Diabetes Mellitus

C0011849

Cardiomyopathy, Dilated

C0007193

Hyperlipidemia, Familial Combined

C0020474

Cardiomyopathy, Dilated

C0007193

Diabetic Nephropathy

C0011881

Cardiomyopathy, Dilated

C0007193

Myocardial Infarction

C0027051

Cardiomyopathy, Dilated

C0007193

Diabetes Mellitus

C0011849

Cardiomyopathy, Dilated

C0007193

lipid disorder

C0348494

Cardiomyopathy, Dilated

C0007193

Obesity

C0028754

Chronic Obstructive Airway Disease

C0024117

Rheumatoid Arthritis

C0003873

Chronic Obstructive Airway Disease

C0024117

Myocardial Infarction

C0027051

Chronic progressive external ophthalmoplegia

C0162674

Cardiomyopathy, Dilated

C0007193

Chronic progressive external ophthalmoplegia

C0162674

Diabetic Nephropathy

C0011881

Diabetes Mellitus

C0011849

Obesity

C0028754

Diabetes Mellitus

C0011849

lipid disorder

C0348494

Diabetic Nephropathy

C0011881

Myocardial Infarction

C0027051

Diabetic Nephropathy

C0011881

Diabetes Mellitus

C0011849

Diabetic Nephropathy

C0011881

lipid disorder

C0348494

Diabetic Nephropathy

C0011881

Obesity

C0028754

Endometriosis

C0014175

Rheumatoid Arthritis

C0003873

Epilepsy

C0014544

Multiple Sclerosis

C0026769

Epilepsy

C0014544

Brain Diseases, Metabolic, Inborn

C0752109

Epilepsy

C0014544

Schizophrenia

C0036341

Huntington Disease

C0020179

Mental Depression

C0011570

Huntington Disease

C0020179

Epilepsy

C0014544

Huntington Disease

C0020179

Diabetic Nephropathy

C0011881

Huntington Disease

C0020179

Bipolar Disorder

C0005586

Huntington Disease

C0020179

Schizophrenia

C0036341
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Hyperlipidemia, Familial Combined

C0020474

Diabetes Mellitus

C0011849

Hyperlipidemia, Familial Combined

C0020474

lipid disorder

C0348494

Hyperlipidemia, Familial Combined

C0020474

Myocardial Infarction

C0027051

Hyperlipidemia, Familial Combined

C0020474

Obesity

C0028754

Hyperlipidemia, Familial Combined

C0020474

Diabetic Nephropathy

C0011881

Hyperlipidemia, Familial Combined

C0020474

Brain Diseases, Metabolic, Inborn

C0752109

Infertility, Male

C0021364

Obesity

C0028754

Infertility, Male

C0021364

Hyperlipidemia, Familial Combined

C0020474

Infertility, Male

C0021364

Cystic Fibrosis

C0010674

Infertility, Male

C0021364

Diabetic Nephropathy

C0011881

lipid disorder

C0348494

Obesity

C0028754

Malaria

C0024530

Epilepsy

C0014544

Malaria

C0024530

Anemia

C0002871

Mental Depression

C0011570

Bipolar Disorder

C0005586

Mental Depression

C0011570

Schizophrenia

C0036341

Multiple Sclerosis

C0026769

Diabetes Mellitus

C0011849

Myocardial Infarction

C0027051

Diabetes Mellitus

C0011849

Myocardial Infarction

C0027051

Obesity

C0028754

Myocardial Infarction

C0027051

lipid disorder

C0348494

Polycystic Kidney Diseases

C0022680

Diabetes Mellitus

C0011849

Polycystic Ovary Syndrome

C0032460

Obesity

C0028754

Polycystic Ovary Syndrome

C0032460

Diabetes Mellitus

C0011849

Polycystic Ovary Syndrome

C0032460

Diabetic Nephropathy

C0011881

Polycystic Ovary Syndrome

C0032460

Myocardial Infarction

C0027051

Polycystic Ovary Syndrome

C0032460

lipid disorder

C0348494

Rheumatoid Arthritis

C0003873

Diabetes Mellitus

C0011849

Sarcoidosis

C0036202

Cardiomyopathy, Dilated

C0007193

Sarcoidosis

C0036202

Chronic Obstructive Airway Disease

C0024117

Appendix 4: F-scores for different combinations of Score-Pvalues and GO-Process-Pvalues
for PSB estimates of disease similarity
PSB Score P-value Cutoffs
GO-Process
Hypergeome
tric
P-value
Cutoffs

0.0500
0.0100
0.0050
0.0010
0.0001

0.10
0.50
0.50
0.52
0.45
0.44

0.05
0.52
0.54
0.53
0.52
0.38

0.035
0.55
0.60
0.61
0.53
0.41

0.02
0.44
0.53
0.52
0.42
0.21
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0.01
0.21
0.30
0.26
0.3
0.14

Appendix

5:

Test

set

formed

from

opinions

of

medical

residents

http://rxinformatics.umn.edu/SemanticRelatednessResources.html

CUI1
C0018021
C0003850
C0004153
C0021400
C0014038
C0878544
C0032285
C0006309
C0026946
C0004153
C0003864
C0011053
C0006277
C0027121
C0009187
C0018995
C0026946
C0032285
C0376286
C0023530
C0018021
C0014544
C0086543
C0004153
C0086543
C0030305
C0029456

CUI2
C0020676
C0022116
C0002962
C0032285
C0025289
C0002962
C0036690
C0043528
C0009187
C0022116
C0002726
C0029877
C0032285
C0026848
C0025289
C0003864
C0025289
C0025289
C0038187
C0032285
C0011644
C0022116
C0030305
C0021400
C0014544
C0086543
C0878544

Residents
Mean
Scores
1424
1399.5
1357.75
1354
1325.75
1287.25
1266.25
1214
1185.75
1170.5
1127.25
1072.5
1066.5
1049.75
948
857.25
812.25
773
770.75
722
578.5
477.5
473.5
416
361
345.5
326.25

PSB
Scores
1.0494
1.4226
1.4922
1.0023
1.0334
1.7891
0.7883
0.8763
0.4649
1.4142
0.9032
0.0275
0.3301
0.0226
0.0046
0.0249
0.0041
0.005
0.5251
0.291
0.1786
0.28
0.0239
0.1265
0.1222
0.0239
0.2191

Jiang &
Conrath
0.4683
0.3261
0
0.3893
0
1.3646
0.177
0.1519
0.2565
0.292
0
0
1.637
0.604
0
0
0
0.292
0
0
0
0
0
0
0.2844
0
0.1897

Lin
0.6798
0.445
0.0046
0.533
1.0107
0.874
0.041
0.19
0.3498
0.417
0.0083
0
0.893
0.687
0.005
0.0087
0.0057
0.287
0
0.0072
0
0.029
0.0051
0.0048
0.3379
0.0051
0.0482

Resnik
2.3367
1.2871
0.1105
1.542
2.3248
2.579
0.219
0.864
1.135
1.287
0.1105
0
2.566
1.895
0.1105
0.1105
0.11
0.783
0
0.1105
0
0.17
0.1105
0.1105
0.986
0.1105
0.2298

Leacock &
Chodorow
3.1209
2.61
2.4277
2.273
3.12
3.12
2.14
2.273
2.61
2.427
2.273
0
3.1209
3.526
2.022
1.9169
2.273
3.12
0
2.1401
0
2.273
2.1401
2.1401
2.273
2.1401
2.1401

Lesk
Adapted
83628
30120
34401
7005
23739
58534
6186
2801
1202
27595
1647
26346
33512
65818
595
1241
7618
16498
217
329
2153
2367
494
702
1276
494
1713

Vector
0.9006
0.9015
0.8284
0.581
0.8057
0.9516
0.608
0.719
0.7589
0.898
0.643
0.6341
0.8605
0.937
0.366
0.558
0.458
0.453
0.283
0.353
0.442
0.4005
0.3413
0.3208
0.3678
0.3413
0.248

Residents Mean Scores: Mean scores of medical residents on relatedness of CUI pairs
PSB Scores: Process-Based Similarity scores
Jiang & Conrath, Lin, Resnik, Leacock & Chodorow: Semantic Similarity Measures
Lesk Adapted & Vector: Semantic Relatedness measures.
The scores for each pair of CUIs were extracted from the UMLS-Similarity Web Interface
(http://atlas.ahc.umn.edu/cgi-bin/umls_similarity.cgi).
For semantic similarity measures (Jiang & Conrath, Lin, Resnik, Leacock & Chodorow),
Source Vocabulary (SAB) = SNOMED and REL = PAR/CHD were chosen.
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For semantic relatedness measures (Lesk Adapted & Vector),
Source Vocabulary (SAB) = UMLS_ALL and RELDEF = CUI/PAR/CHD/RB/RN were
chosen.
Appendix 6: Drug Repositioning candidates

The predicted disease-drug associations are given below. Also included are the p-values and
the centrality of the biological processes.
Disease name

Biological Process

Centrality

P-value

Drug

Myocardial Ischemia

protein import into nucleus, translocation

0.0068

0.0006

irbesartan

Sarcoidosis

protein import into nucleus, translocation

0.0068

0.0002

infliximab

Neoplasm,
Pancreatic
Endometriosis

protein import into nucleus, translocation

0.0068

0.0005

infliximab

protein import into nucleus, translocation

0.0068

0.0000

infliximab

Schizophrenia

synaptic transmission, dopaminergic

0.0413

0.0003

amantadine

Parkinson Disease

synaptic transmission, dopaminergic

0.0413

0.0001

quetiapine

Parkinson Disease

synaptic transmission, dopaminergic

0.0413

0.0001

aripiprazole

Parkinson Disease

synaptic transmission, dopaminergic

0.0413

0.0001

clozapine

Parkinson Disease

synaptic transmission, dopaminergic

0.0413

0.0001

amantadine

Dementia

synaptic transmission, dopaminergic

0.0413

0.0000

risperidone

Dementia

synaptic transmission, dopaminergic

0.0413

0.0000

quetiapine

Dementia

synaptic transmission, dopaminergic

0.0413

0.0000

aripiprazole

Dementia

synaptic transmission, dopaminergic

0.0413

0.0000

olanzapine

Dementia

synaptic transmission, dopaminergic

0.0413

0.0000

amantadine

Parkinsonian
Disorders
Alzheimer's Disease

synaptic transmission, dopaminergic

0.0413

0.0000

pramipexole

synaptic transmission, dopaminergic

0.0413

0.0005

risperidone

Alzheimer's Disease

synaptic transmission, dopaminergic

0.0413

0.0005

quetiapine

Alzheimer's Disease

synaptic transmission, dopaminergic

0.0413

0.0005

aripiprazole

Alzheimer's Disease

synaptic transmission, dopaminergic

0.0413

0.0005

olanzapine

Substance-Related
Disorders
Obesity

G-protein signaling, coupled to cAMP
nucleotide second messenger
G-protein signaling, coupled to cAMP
nucleotide second messenger
activation of adenylate cyclase activity

0.0064

0.0002

pindolol

0.0064

0.0007

metoprolol

0.0145

0.0000

carvedilol

activation of adenylate cyclase activity

0.0145

0.0000

metoprolol

activation of adenylate cyclase activity

0.0145

0.0000

labetalol

activation of adenylate cyclase activity

0.0145

0.0000

carvedilol

activation of adenylate cyclase activity

0.0145

0.0000

metoprolol

Essential
Hypertension
Essential
Hypertension
Hypertension
induced by
pregnancy
Heart Failure,
Congestive
Heart Failure,
Congestive
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Hypertension

activation of adenylate cyclase activity

0.0145

0.0000

nebivolol

Hypertension

activation of adenylate cyclase activity

0.0145

0.0000

carvedilol

Heart failure

activation of adenylate cyclase activity

0.0145

0.0001

nebivolol

Heart failure

activation of adenylate cyclase activity

0.0145

0.0001

metoprolol

Drug abuse

dopamine receptor signaling pathway

0.0598

0.0000

quetiapine

Attention deficit
hyperactivity
disorder
Attention deficit
hyperactivity
disorder
Attention deficit
hyperactivity
disorder
Attention deficit
hyperactivity
disorder
Bipolar Disorder

dopamine receptor signaling pathway

0.0598

0.0000

olanzapine

dopamine receptor signaling pathway

0.0598

0.0000

amantadine

dopamine receptor signaling pathway

0.0598

0.0000

risperidone

dopamine receptor signaling pathway

0.0598

0.0000

aripiprazole

dopamine receptor signaling pathway

0.0598

0.0000

pramipexole

Bipolar Disorder

dopamine receptor signaling pathway

0.0598

0.0000

clozapine

Bipolar Disorder

dopamine receptor signaling pathway

0.0598

0.0000

ziprasidone

Bipolar Disorder

dopamine receptor signaling pathway

0.0598

0.0000

quetiapine

Bipolar Disorder

dopamine receptor signaling pathway

0.0598

0.0000

ropinirole

Bipolar Disorder

dopamine receptor signaling pathway

0.0598

0.0000

paliperidone

Bipolar Disorder

dopamine receptor signaling pathway

0.0598

0.0000

risperidone

Bipolar Disorder

dopamine receptor signaling pathway

0.0598

0.0000

aripiprazole

Alcoholic
Intoxication,
Chronic
Alcoholic
Intoxication,
Chronic
Alcoholic
Intoxication,
Chronic
Alcoholic
Intoxication,
Chronic
Substance-Related
Disorders
Substance-Related
Disorders
Substance-Related
Disorders
Substance-Related
Disorders
Substance-Related
Disorders
Schizophrenia

dopamine receptor signaling pathway

0.0598

0.0000

olanzapine

dopamine receptor signaling pathway

0.0598

0.0000

apomorphine

dopamine receptor signaling pathway

0.0598

0.0000

quetiapine

dopamine receptor signaling pathway

0.0598

0.0000

aripiprazole

dopamine receptor signaling pathway

0.0598

0.0001

clozapine

dopamine receptor signaling pathway

0.0598

0.0001

amantadine

dopamine receptor signaling pathway

0.0598

0.0001

quetiapine

dopamine receptor signaling pathway

0.0598

0.0001

risperidone

dopamine receptor signaling pathway

0.0598

0.0001

flupenthixol

dopamine receptor signaling pathway

0.0598

0.0000

amantadine

Alcohol abuse

dopamine receptor signaling pathway

0.0598

0.0001

clozapine

Alcohol abuse

dopamine receptor signaling pathway

0.0598

0.0001

quetiapine
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Alcohol abuse

dopamine receptor signaling pathway

0.0598

0.0001

risperidone

Parkinson Disease

dopamine receptor signaling pathway

0.0598

0.0000

clozapine

Parkinson Disease

dopamine receptor signaling pathway

0.0598

0.0000

amantadine

Parkinson Disease

dopamine receptor signaling pathway

0.0598

0.0000

quetiapine

Parkinson Disease

dopamine receptor signaling pathway

0.0598

0.0000

aripiprazole

Parkinsonian
Disorders
Attention deficit
hyperactivity
disorder
Attention deficit
hyperactivity
disorder
Attention deficit
hyperactivity
disorder
Anxiety Disorders

dopamine receptor signaling pathway

0.0598

0.0000

pramipexole

monoamine transport

0.0199

0.0000

aripiprazole

monoamine transport

0.0199

0.0000

risperidone

monoamine transport

0.0199

0.0000

olanzapine

monoamine transport

0.0199

0.0000

aripiprazole

Anxiety Disorders

monoamine transport

0.0199

0.0000

risperidone

Anxiety Disorders

monoamine transport

0.0199

0.0000

quetiapine

Schizophrenia

monoamine transport

0.0199

0.0000

buspirone

Drug abuse

monoamine transport

0.0199

0.0000

quetiapine

Polycystic Ovary
Syndrome
Hyperglycemia

regulation of fatty acid metabolic process

0.0074

0.0004

metformin

regulation of fatty acid metabolic process

0.0074

0.0002

metformin

Hyperandrogenism

regulation of fatty acid metabolic process

0.0074

0.0004

metformin

Hyperinsulinism

regulation of fatty acid metabolic process

0.0074

0.0001

metformin

Diabetic
Nephropathy
Diabetic
Nephropathy
Diabetic
Nephropathy
Diabetic
Nephropathy
Diabetic
Nephropathy
Cerebrovascular
accident
Cerebrovascular
accident
Cerebrovascular
accident
Cerebrovascular
accident
IGA
Glomerulonephritis
IGA
Glomerulonephritis
IGA
Glomerulonephritis

regulation of vasoconstriction

0.0255

0.0003

losartan

regulation of vasoconstriction

0.0255

0.0003

telmisartan

regulation of vasoconstriction

0.0255

0.0003

olmesartan

regulation of vasoconstriction

0.0255

0.0003

candesartan

regulation of vasoconstriction

0.0255

0.0003

valsartan

regulation of vasoconstriction

0.0255

0.0003

losartan

regulation of vasoconstriction

0.0255

0.0003

telmisartan

regulation of vasoconstriction

0.0255

0.0003

candesartan

regulation of vasoconstriction

0.0255

0.0003

valsartan

regulation of vasoconstriction

0.0255

0.0000

irbesartan

regulation of vasoconstriction

0.0255

0.0000

losartan

regulation of vasoconstriction

0.0255

0.0000

valsartan
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Heart failure

regulation of vasoconstriction

0.0255

0.0005

losartan

Heart failure

regulation of vasoconstriction

0.0255

0.0005

telmisartan

Heart failure

regulation of vasoconstriction

0.0255

0.0005

candesartan

Heart failure

regulation of vasoconstriction

0.0255

0.0005

valsartan

Glomerulonephritis

regulation of vasoconstriction

0.0255

0.0001

irbesartan

Glomerulonephritis

regulation of vasoconstriction

0.0255

0.0001

olmesartan

Glomerulonephritis

regulation of vasoconstriction

0.0255

0.0001

valsartan

Kidney Failure

regulation of vasoconstriction

0.0255

0.0000

irbesartan

Kidney Failure

regulation of vasoconstriction

0.0255

0.0000

losartan

Kidney Failure

regulation of vasoconstriction

0.0255

0.0000

candesartan

Essential
Hypertension
Essential
Hypertension
Essential
Hypertension
Essential
Hypertension
Essential
Hypertension
Essential
Hypertension
Obesity

regulation of vasoconstriction

0.0255

0.0000

losartan

regulation of vasoconstriction

0.0255

0.0000

telmisartan

regulation of vasoconstriction

0.0255

0.0000

olmesartan

regulation of vasoconstriction

0.0255

0.0000

eprosartan

regulation of vasoconstriction

0.0255

0.0000

candesartan

regulation of vasoconstriction

0.0255

0.0000

valsartan

regulation of vasoconstriction

0.0255

0.0001

irbesartan

Obesity

regulation of vasoconstriction

0.0255

0.0001

losartan

Obesity

regulation of vasoconstriction

0.0255

0.0001

telmisartan

Obesity

regulation of vasoconstriction

0.0255

0.0001

candesartan

Obesity

regulation of vasoconstriction

0.0255

0.0001

valsartan

Myocardial Ischemia

regulation of vasoconstriction

0.0255

0.0000

irbesartan

Myocardial Ischemia

regulation of vasoconstriction

0.0255

0.0000

telmisartan

Myocardial Ischemia

regulation of vasoconstriction

0.0255

0.0000

candesartan

Myocardial Ischemia

regulation of vasoconstriction

0.0255

0.0000

valsartan

Hypertension,
Pulmonary
Coronary
Arteriosclerosis
Coronary heart
disease
Coronary heart
disease
Coronary heart
disease
Myocardial
Infarction
Myocardial
Infarction
Diabetes Mellitus,
Insulin-Dependent
Diabetes Mellitus,
Insulin-Dependent

regulation of vasoconstriction

0.0255

0.0000

losartan

regulation of vasoconstriction

0.0255

0.0007

telmisartan

regulation of vasoconstriction

0.0255

0.0000

telmisartan

regulation of vasoconstriction

0.0255

0.0000

candesartan

regulation of vasoconstriction

0.0255

0.0000

valsartan

regulation of vasoconstriction

0.0255

0.0005

irbesartan

regulation of vasoconstriction

0.0255

0.0005

telmisartan

regulation of vasoconstriction

0.0255

0.0000

losartan

regulation of vasoconstriction

0.0255

0.0000

candesartan
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Diabetes Mellitus,
Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Myocardial Ischemia

regulation of vasoconstriction

0.0255

0.0005

irbesartan

regulation of vasoconstriction

0.0255

0.0005

losartan

regulation of vasoconstriction

0.0255

0.0005

telmisartan

regulation of vasoconstriction

0.0255

0.0005

olmesartan

regulation of vasoconstriction

0.0255

0.0005

eprosartan

regulation of vasoconstriction

0.0255

0.0005

candesartan

regulation of vasoconstriction

0.0255

0.0005

valsartan

natriuresis

0.0755

0.0000

valsartan

Myocardial Ischemia

natriuresis

0.0755

0.0000

candesartan

Myocardial Ischemia

natriuresis

0.0755

0.0000

irbesartan

Myocardial Ischemia

natriuresis

0.0755

0.0000

telmisartan

Kidney Failure

natriuresis

0.0755

0.0000

losartan

Kidney Failure

natriuresis

0.0755

0.0000

candesartan

Kidney Failure

natriuresis

0.0755

0.0000

irbesartan

ASCVD

natriuresis

0.0755

0.0002

olmesartan

Cerebrovascular
accident
Cerebrovascular
accident
Cerebrovascular
accident
Cerebrovascular
accident
Atherosclerosis

natriuresis

0.0755

0.0000

valsartan

natriuresis

0.0755

0.0000

losartan

natriuresis

0.0755

0.0000

candesartan

natriuresis

0.0755

0.0000

telmisartan

natriuresis

0.0755

0.0002

valsartan

Atherosclerosis

natriuresis

0.0755

0.0002

losartan

Atherosclerosis

natriuresis

0.0755

0.0002

olmesartan

Arterial Occlusive
Diseases
Coronary
Arteriosclerosis
Coronary heart
disease
Coronary heart
disease
Coronary heart
disease
Diabetes Mellitus,

natriuresis

0.0755

0.0002

candesartan

natriuresis

0.0755

0.0001

telmisartan

natriuresis

0.0755

0.0001

valsartan

natriuresis

0.0755

0.0001

candesartan

natriuresis

0.0755

0.0001

telmisartan

natriuresis

0.0755

0.0006

valsartan

168

Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Heart failure

natriuresis

0.0755

0.0006

losartan

natriuresis

0.0755

0.0006

eprosartan

natriuresis

0.0755

0.0006

olmesartan

natriuresis

0.0755

0.0006

candesartan

natriuresis

0.0755

0.0006

irbesartan

natriuresis

0.0755

0.0006

telmisartan

natriuresis

0.0755

0.0000

valsartan

Heart failure

natriuresis

0.0755

0.0000

losartan

Heart failure

natriuresis

0.0755

0.0000

candesartan

Heart failure

natriuresis

0.0755

0.0000

telmisartan

Diabetes Mellitus,
Insulin-Dependent
Diabetes Mellitus,
Insulin-Dependent
Myocardial
Infarction
Myocardial
Infarction
Cerebrovascular
accident
Cerebral Infarction

natriuresis

0.0755

0.0000

losartan

natriuresis

0.0755

0.0000

candesartan

natriuresis

0.0755

0.0000

irbesartan

natriuresis

0.0755

0.0000

telmisartan

negative regulation of blood coagulation

0.0154

0.0000

alteplase

negative regulation of blood coagulation

0.0154

0.0000

alteplase

Cerebrovascular
accident
Diabetes Mellitus,
Insulin-Dependent
Dementia

cholesterol transport

0.0112

0.0000

tenecteplase

Cdc42 protein signal transduction

0.0313

0.0005

glibenclamide

neurotransmitter catabolic process

0.1313

0.0001

donepezil

Parkinson Disease

neurotransmitter catabolic process

0.1313

0.0000

donepezil

Systemic lupus
erythematosus
Diabetic
Nephropathy
Diabetic
Nephropathy
Diabetic
Nephropathy
Diabetic
Nephropathy
Diabetic
Nephropathy

regulation of protein import into nucleus

0.0046

0.0022

chloroquine

regulation of vasodilation

0.0230

0.0000

telmisartan

regulation of vasodilation

0.0230

0.0000

valsartan

regulation of vasodilation

0.0230

0.0000

candesartan

regulation of vasodilation

0.0230

0.0000

losartan

regulation of vasodilation

0.0230

0.0000

olmesartan
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Obesity

regulation of vasodilation

0.0230

0.0007

telmisartan

Obesity

regulation of vasodilation

0.0230

0.0007

irbesartan

Obesity

regulation of vasodilation

0.0230

0.0007

valsartan

Obesity

regulation of vasodilation

0.0230

0.0007

candesartan

Obesity

regulation of vasodilation

0.0230

0.0007

losartan

Heart Failure,
Congestive
Heart Failure,
Congestive
Heart Failure,
Congestive
Hypercholesterolemi
a
Hypercholesterolemi
a
Glomerulonephritis

regulation of vasodilation

0.0230

0.0001

irbesartan

regulation of vasodilation

0.0230

0.0001

valsartan

regulation of vasodilation

0.0230

0.0001

candesartan

regulation of vasodilation

0.0230

0.0000

irbesartan

regulation of vasodilation

0.0230

0.0000

valsartan

regulation of vasodilation

0.0230

0.0001

irbesartan

Glomerulonephritis

regulation of vasodilation

0.0230

0.0001

valsartan

Glomerulonephritis

regulation of vasodilation

0.0230

0.0001

olmesartan

Cerebrovascular
accident
Cerebrovascular
accident
Cerebrovascular
accident
Cerebrovascular
accident
Essential
Hypertension
Essential
Hypertension
Essential
Hypertension
Essential
Hypertension
Essential
Hypertension
Essential
Hypertension
Kidney Failure

regulation of vasodilation

0.0230

0.0002

telmisartan

regulation of vasodilation

0.0230

0.0002

valsartan

regulation of vasodilation

0.0230

0.0002

candesartan

regulation of vasodilation

0.0230

0.0002

losartan

regulation of vasodilation

0.0230

0.0001

eprosartan

regulation of vasodilation

0.0230

0.0001

telmisartan

regulation of vasodilation

0.0230

0.0001

valsartan

regulation of vasodilation

0.0230

0.0001

candesartan

regulation of vasodilation

0.0230

0.0001

losartan

regulation of vasodilation

0.0230

0.0001

olmesartan

regulation of vasodilation

0.0230

0.0005

irbesartan

Kidney Failure

regulation of vasodilation

0.0230

0.0005

candesartan

Kidney Failure

regulation of vasodilation

0.0230

0.0005

losartan

Coronary heart
disease
Coronary heart
disease
Coronary heart
disease
Myocardial
Infarction
Myocardial
Infarction

regulation of vasodilation

0.0230

0.0000

telmisartan

regulation of vasodilation

0.0230

0.0000

valsartan

regulation of vasodilation

0.0230

0.0000

candesartan

regulation of vasodilation

0.0230

0.0000

telmisartan

regulation of vasodilation

0.0230

0.0000

irbesartan
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Coronary
Arteriosclerosis
Diabetes Mellitus,
Insulin-Dependent
Arthropathy

regulation of vasodilation

0.0230

0.0000

telmisartan

cholesterol homeostasis

0.0125

0.0000

glibenclamide

regulation of transcription factor import
into nucleus
regulation of transcription factor import
into nucleus
positive regulation of MAPKKK cascade

0.0068

0.0003

adalimumab

0.0068

0.0000

adalimumab

0.0056

0.0004

metoprolol

positive regulation of MAPKKK cascade

0.0056

0.0000

nebivolol

Obesity

positive regulation of MAPKKK cascade

0.0056

0.0000

metoprolol

Diabetic
Neuropathies
Pre-Eclampsia

positive regulation of MAPKKK cascade

0.0056

0.0001

droxidopa

positive regulation of MAPKKK cascade

0.0056

0.0008

labetalol

Cardiomyopathies

positive regulation of MAPKKK cascade

0.0056

0.0000

metoprolol

Diabetes Mellitus,
Non-InsulinDependent
Diabetes Mellitus,
Non-InsulinDependent
Cerebrovascular
accident
Cerebrovascular
accident
Hypertension
induced by
pregnancy
Chronic Obstructive
Airway Disease
Myocardial Ischemia

positive regulation of MAPKKK cascade

0.0056

0.0001

metoprolol

positive regulation of MAPKKK cascade

0.0056

0.0001

nebivolol

positive regulation of MAPKKK cascade

0.0056

0.0000

labetalol

positive regulation of MAPKKK cascade

0.0056

0.0000

metoprolol

positive regulation of MAPKKK cascade

0.0056

0.0000

labetalol

positive regulation of MAPKKK cascade

0.0056

0.0000

metoprolol

positive regulation of MAPKKK cascade

0.0056

0.0000

metoprolol

Breast Carcinoma

response to estrogen stimulus

0.0087

0.0004

Endometrial
Carcinoma
Endometrial
Carcinoma
Endometrial
Carcinoma
Endometrial
Carcinoma
Endometrial
Carcinoma
Endometriosis

response to estrogen stimulus

0.0087

0.0011

medroxyprogesteron
e
danazol

response to estrogen stimulus

0.0087

0.0011

ethinyl estradiol

response to estrogen stimulus

0.0087

0.0011

response to estrogen stimulus

0.0087

0.0011

medroxyprogesteron
e
tamoxifen

response to estrogen stimulus

0.0087

0.0011

conjugated estrogens

response to estrogen stimulus

0.0087

0.0009

ethinyl estradiol

Malignant neoplasm
of ovary
Colon Carcinoma

response to estrogen stimulus

0.0087

0.0006

tamoxifen

response to estrogen stimulus

0.0087

0.0017

ethinyl estradiol

Colon Carcinoma

response to estrogen stimulus

0.0087

0.0017

Hypertension

response to estrogen stimulus

0.0087

0.0011

medroxyprogesteron
e
medroxyprogesteron
e

FSGS
Essential
Hypertension
Hypertension
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Hypertension

response to estrogen stimulus

0.0087

0.0011

tamoxifen

Prostate carcinoma

response to estrogen stimulus

0.0087

0.0001

Prostate carcinoma

response to estrogen stimulus

0.0087

0.0001

medroxyprogesteron
e
tamoxifen

Prostate carcinoma

response to estrogen stimulus

0.0087

0.0001

conjugated estrogens

Diabetes Mellitus,
Insulin-Dependent
Renal carcinoma

reverse cholesterol transport

0.0350

0.0000

glibenclamide

positive regulation of DNA replication

0.0101

0.0009

sunitinib

Lymphoma

positive regulation of DNA replication

0.0101

0.0000

sunitinib

Diabetic
Neuropathies
Malignant Glioma

positive regulation of DNA replication

0.0101

0.0007

becaplermin

positive regulation of DNA replication

0.0101

0.0000

sunitinib

Myeloid leukemia,
acute
Melanoma

positive regulation of DNA replication

0.0101

0.0001

sunitinib

positive regulation of DNA replication

0.0101

0.0005

sunitinib

Malignant neoplasm
of ovary
Essential
Hypertension
Hypertension

positive regulation of DNA replication

0.0101

0.0002

sunitinib

negative regulation of G-protein coupled
receptor protein signaling pathway
negative regulation of G-protein coupled
receptor protein signaling pathway
negative regulation of G-protein coupled
receptor protein signaling pathway

0.0284

0.0000

metoprolol

0.0284

0.0003

nebivolol

0.0284

0.0001

labetalol

regulation of hormone secretion

0.0062

0.0001

aripiprazole

regulation of hormone secretion

0.0062

0.0001

risperidone

regulation of hormone secretion

0.0062

0.0001

olanzapine

regulation of hormone secretion

0.0062

0.0010

paliperidone

Dementia

regulation of hormone secretion

0.0062

0.0001

aripiprazole

Dementia

regulation of hormone secretion

0.0062

0.0001

risperidone

Dementia

regulation of hormone secretion

0.0062

0.0001

quetiapine

Dementia

regulation of hormone secretion

0.0062

0.0001

olanzapine

Attention deficit
hyperactivity
disorder
Attention deficit
hyperactivity
disorder
Attention deficit
hyperactivity
disorder
Autistic Disorder

regulation of hormone secretion

0.0062

0.0002

aripiprazole

regulation of hormone secretion

0.0062

0.0002

risperidone

regulation of hormone secretion

0.0062

0.0002

olanzapine

regulation of hormone secretion

0.0062

0.0001

aripiprazole

Autistic Disorder

regulation of hormone secretion

0.0062

0.0001

risperidone

Autistic Disorder

regulation of hormone secretion

0.0062

0.0001

paliperidone

Hypertension
induced by
pregnancy
Pervasive
Development
Disorders
Pervasive
Development
Disorders
Pervasive
Development
Disorders
Epilepsy
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Autistic Disorder

regulation of hormone secretion

0.0062

0.0001

olanzapine

Autistic Disorder

regulation of hormone secretion

0.0062

0.0001

ziprasidone

Alzheimer's Disease

regulation of hormone secretion

0.0062

0.0004

aripiprazole

Alzheimer's Disease

regulation of hormone secretion

0.0062

0.0004

risperidone

Alzheimer's Disease

regulation of hormone secretion

0.0062

0.0004

quetiapine

Alzheimer's Disease

regulation of hormone secretion

0.0062

0.0004

olanzapine

Cerebrovascular
accident
Cerebrovascular
accident
Diabetic
Neuropathies

regulation of inflammatory response

0.0059

0.0000

reteplase

regulation of inflammatory response

0.0059

0.0000

tenecteplase

negative regulation of immune response

0.0246

0.0003

becaplermin
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