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Abstract

Background: Disease Ontology (DO) has been widely studied in biomedical research and clinical practice to describe the roles of genes.
DO enrichment analysis is an effective means to discover associations between genes and diseases. Compared to hundreds of Gene
Ontology (GO)-based enrichment analysis methods, however, DO-based methods are relatively scarce, and most current DO-based
approaches are term-for-term and thus are unable to solve over-enrichment problems caused by the “true-path” rule.

Results: Here, we describe a novel double-weighted model, EnrichDO, which leverages the latest annotations of the human genome
with DO terms and integrates DO graph topology on a global scale. Compared to classic enrichment methods (mainly for GO) and ex-
isting DO-based enrichment tools, EnrichDO performs better in both GO and DO enrichment analysis cases. It can accurately identify
more specific terms, without ignoring the truly associated parent terms, as shown in the Alzheimer’s disease (AD) case (AD ranked
first). Moreover, both a simulated test and a data perturbation test validate the accuracy and robustness of EnrichDO. Finally, EnrichDO
is applied to other types of datasets to expand its application, including gene expression profile datasets, a host gene set of microor-
ganisms, and hallmark gene sets. Based on the findings reported here, EnrichDO shows significant improvement via all experimental
results.

Conclusions: EnrichDO provides an effective DO enrichment analysis model for gaining insight into the significance of a particular
gene set in the context of disease. To increase the usability of EnrichDO, we have developed an R-based software package, which is
freely available through Bioconductor (https://bioconductor.org/packages/release/bioc/html/EnrichDO.html) or at https://github.com
/liangcheng-hrbmu/EnrichDO.

Graphical abstract

Keywords: Disease Ontology, human genome, enrichment analysis, double weighting

Background of MeSH, ICD, NCI thesaurus, SNOMED CT, and OMIM disease-

Biomedical ontologies organize biomedical findings into hierar-
chical structures and controlled vocabularies, which are human-
readable and machine-computable. Biomedical ontologies have
been widely studied and applied in biomedical research and clin-
ical practice [1]. Gene Ontology (GO) is arguably the most suc-
cessful example of a biomedical ontology. It provides structured,
controlled vocabularies and classifications that cover several do-
mains of molecular and cellular biology and that are freely avail-
able for community use in the annotation of genes, gene products,
and sequences [2, 3]. Disease Ontology (DO) is another represen-
tative example. DO organizes, represents, and standardizes hu-
man diseases through extensive cross-mapping and integration

specific terms and identifiers [4, 5]. Other widely used biomedi-
cal ontologies, such as the Human Phenotype Ontology (HPO) [6,
7], Chemical Entities of Biological Interest (ChEBI) [8, 9], and the
Ontology of Adverse Events (OAE) [10], have been developed and
are included in the BioPortal [11, 12] and/or the OBO Foundry [13,
14]. With the development of biomedical ontologies, numerous ex-
cellent algorithms, tools, and platforms have emerged, including
annotation, similarity calculation, enrichment analysis, and func-
tion prediction. For example, AmiGO [15] and GO-CAM [16] enable
functional annotations of genes and gene products, GOSemSim
provides an R package for measuring semantic similarity among
GO terms and gene products [17], PANTHER is a web service for

Received: October 3, 2024. Revised: December 18, 2024. Accepted: February 14, 2025

© The Author(s) 2025. Published by Oxford University Press GigaScience. This is an Open Access article distributed under the terms of the Creative Commons
Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted reuse, distribution, and reproduction in any medium, provided
the original work is properly cited.


https://orcid.org/0000-0002-7161-1656
https://orcid.org/0000-0001-9189-9661
https://orcid.org/0000-0002-6665-6710
mailto:liangcheng@hrbmu.edu.cn
mailto:yanghaixiu@ems.hrbmu.edu.cn
https://bioconductor.org/packages/release/bioc/html/EnrichDO.html
https://github.com/liangcheng-hrbmu/EnrichDO
https://creativecommons.org/licenses/by/4.0/

2 | GigaScience, 2025, Vol. 14

GO enrichment analysis [18], and PhenIX effectively diagnoses
genetic diseases through computational phenotype analysis of
disease-associated genomes [19]. However, most state-of-the-art
methods are focused on GO, where DO-based analyses mainly fo-
cus on similarity calculation [20-22].

Biomedical ontology-based enrichment analysis can help to
elucidate the potential biological significance of a particular set
of genes, such as differentially expressed gene lists of high-
throughput experiments. Thousands of studies have been con-
ducted by GO-based enrichment, but DO-based enrichment meth-
ods remain relatively scarce. Osborne et al. [23] used the Unified
Medical Language System (UMLS) MetaMap Transfer tool (MMTx)
and the Gene Reference Into Function (GeneRIF) database to an-
notate the human genome with DO for the first time. LePendu et
al. [24] annotated GO annotation files with DO terms using the
NCBO annotator, facilitating DO enrichment analysis via a sim-
ple binomial model. The disease and gene annotations database
(DGA) employs NCBO Annotator and GeneRIF to semantically an-
notate human genes with disease descriptors [25]. Based on the
annotations of the human genome with DO, DO-based enrich-
ment analysis is capable of discovering disease associations in
high-throughput biological data. For example, KOBAS-i incorpo-
rates 5 human disease databases and provides a web server for
annotation and identification of enriched diseases by binomial
test and false discovery rate correction [26]. Similar web service
tools include EnrichR [27], WebGestalt [28], Flame (V2.0) [29], and
aGOtool [30], all of which provide disease enrichment analysis by
integrating multiple disease data sources. DOSim [20] and DOSE
[31] are R packages widely used for enrichment analysis that em-
ploy the hypergeometric model and gene set enrichment analy-
sis. The web tool ADEPTUS, which is based on high-quality cu-
rated databases with information on gene expression profiles and
diseases, enables various functional genomics analyses, including
DO enrichment analysis [32].

Obviously, DO-based annotation and enrichment are relatively
scarce, and current DO enrichment methods are lacking. On one
hand, gene-DO annotations and DO terms of the current meth-
ods are outdated, and some web services for DO enrichment are
inaccessible due to lack of maintenance. On the other hand, these
methods are based on classic models, such as the hypergeometric
test, Fisher exact test, the x? test, and the binomial test, which do
not take dependencies between DO terms into consideration. DO
has a hierarchical structure that forms a directed acyclic graph
(DAG) that follows the “true-path” rule, which means if a gene is
annotated to node t, it is also annotated to all parent terms of t.
This inheritance problem can lead to some terms being over en-
riched, which has been well addressed in GO-based enrichment
methods [33, 34].

In this study, we annotated the human genome with DO, uti-
lizing the latest data source, and developed a novel DO enrich-
ment method, EnrichDO. EnrichDO tackled the “inheritance prob-
lem” moderately by considering the DO graph topology on a
global scale and double-weighted the annotated genes. We com-
pared EnrichDO with classic enrichment methods and current
DO-based enrichment tools and evaluated the performance and
robustness of EnrichDO. We also performed EnrichDO on datasets
directly related to disease (including a microarray gene expression
dataset and an RNA sequencing expression dataset), as well as
the datasets indirectly related to disease (including a microorgan-
ism coexpressed host gene set and biological processes-related
datasets). Our results showed that EnrichDO outperformed classic
methods and current DO-based enrichment tools, demonstrating
the effectiveness of EnrichDO for gaining insight into the signif-

icance of a particular set of genes in the context of disease. En-
richDO has been implemented as an R-based tool, which is avail-
able in the Bioconductor EnrichDO project page [35] and GitHub
[36].

Materials and Methods

Data collection and preprocessing

Standard DO terms were downloaded from the DO Database [37]
(data-version: releases/2024-03-28/doid.obo). The DO database is
a comprehensive resource that aims to organize, represent, and
standardize human diseases. The DO semantically integrates dis-
ease and medical vocabularies through extensive cross-mapping
of DO terms to MeSH, ICD, NCI thesaurus, SNOMED CT, and
OMIM disease-specific terms and identifiers [4, 5]. The DO has
been widely used for disease annotation by various biomedical
databases [5]. The obo file records the information of 14,019 DO
terms, and we collected information on 11,537 DO terms, exclud-
ing obsolete DO terms (is_obsolete=true). The names and syn-
onyms of DO terms were extracted to construct the dictionary of
disease names for DO annotation. The DOID and is_a relations
were used to construct a DAG of DO.

Information on human genes with disease descriptions was
downloaded from GeneRIF (version date: 31 March 2024). GeneRIF
is a database that provides concise descriptions of gene function,
making it the most suitable resource for DO annotation to infer
gene—disease associations [23]. GeneRIF is available from the NCBI
Gene Database [38]. GeneRIF entries were manually extracted
from scientific literature, including Tax IDs, Gene IDs, PubMed IDs,
and concise GeneRIF textual descriptions (up to 250 characters)
of gene function. GeneRIF entries of Homo sapiens were extracted
from the generifs_basic file, and GeneRIF text was annotated with
DO terms.

Annotating the human genome with DO terms

Semantically annotating the human genome with DO terms can
connect biomedical gene and disease data through the lens of hu-
man disease. In this study, the textual descriptions of gene func-
tion in the GeneRIF database were annotated with DO terms using
the University of Michigan’s Mgrep tool. Mgrep is an efficient tool
for mapping free text to ontology terms [39], which is used in the
concept recognition step by the NCBO Annotator [11]. We choose
Mgrep because it is claimed to be a fast and scalable tool for con-
cept recognition and has a high degree of customizability vis-a-
vis dictionaries and resources [40]. For concept recognition, the
data resources represent a particular type of biomedical knowl-
edge, and a dictionary represents a set of terms to recognize in
the biomedical data resource. In our study, the biomedical data
resources are GeneRIF entries of H. sapiens; the disease dictionary
was constructed by extracting all standard DO terms and their
synonyms. The concept recognizer identifies the related disease
name in GeneRIF entries and maps it to the concept of DO terms
in the dictionary. Last, 525,289 out of 1,039,774 GeneRIF entries of
H. sapiens were annotated with 4,407 disease terms.

Data preprocessing and result filtering were conducted as fol-
lows: (i) the disease dictionary was generated to include all stan-
dard DO terms and synonyms, with character length no less than
3, and to exclude obsolete DO terms (is_obsolete=true); (ii) only
GeneRIF entries of protein-coding genes (pc genes) of H. sapiens
were retained,; (iii) disease names annotated to DO terms and syn-
onyms were standardized to DOIDs; and (iv) all repeating results
were removed. As a result, we acquired 191,542 gene-DO annota-



Table 1: Annotations of molecules with ontology terms in
EnrichDO

Number of
annotated
Level Number of DO genes
1 1 15,106
2 8 14,400
3 120 15,185
4 212 15,526
5 574 15,929
6 1,242 15,790
7 1,009 13,686
8 850 11,600
9 535 7,826
10 170 3,231
11 58 1,400
12 26 567
13 8 186

tions, which involved 4,361 DO terms and 15,106 pc genes. The DO
annotations describe unique roles for human genes in the context
of disease and can be used for DO enrichment analysis.

Semantic expansion in DO DAG

We leveraged the hierarchical structure of DO to expand annota-
tions. Like GO, DO has a hierarchical structure that forms a DAG,
which follows the “true-path” rule. The additional annotation in-
formation is produced using the semantic relationships in DO,
such as “is_a” relation, as follows: first, DOID, name, and “is_a” re-
lations were used to construct the DAG. Every DO term is repre-
sented by a node in the graph, while the “is_a” relation is repre-
sented by an edge in the graph. Two terms with an “is_a” relation
are represented as a child node and a parent node in the graph; a
child can have multiple parents. For example, “B-cell acute lym-
phoblastic leukemia” (DOID:0080638) is_a “acute lymphoblastic
leukemia” (DOID:9952) and “lymphoma” (DOID:0060058); the node
“B-cell acute lymphoblastic leukemia” is a child of “acute lym-
phoblastic leukemia” and “lymphoma” and is a more specific bio-
logical classification than its parents. The term “disease” (DOID:4)
is the root node of the DAG, which has no parents, and is the most
general node. Next, according to the gene-DO annotations men-
tioned above, a set of genes annotated with each DO term in the
DAG were also annotated to its parents and its ancestors (the so-
called true-path rule). Leaf nodes with no annotated genes were
iteratively pruned, until all nodes in the final DAG tree contained
at least 1 annotated gene. After pruning, the DAG contained 4,813
nodes. Last, all nodes of DAG were marked as different levels. For a
noden, the level was defined as the length of the longest path from
the root to node n. The root node, the term “disease,” was marked
as level 1; level 13 is the highest level. Nodes at the same level do
not share any edges and can be investigated independently. The
levels of DAG and the statistics of DO terms are displayed in Ta-
ble 1.

DO enrichment based on weighted algorithm
Classical enrichment analysis

Overrepresentation analysis (ORA) is a widely used term-for-term
approach for enrichment analysis. The ORA method measures the
statistical proportion of a preselected list of genes of interest (e.g.,
differentially expressed gene list) and specific gene sets according
to known gene functions (e.g., DO terms). The hypergeometric test

EnrichDO: global w | 3

is a classical ORA test, wherein the P value indicates the probabil-
ity of the null hypothesis, which can be calculated as follows:

W o
=

The value N is the number of all human genes annotated to DO
terms, while m indicates the number of genes annotated to term
t, and n indicates the size of the interesting gene list, of which r
are included in the term t. A small P value indicates a low prob-
ability of randomly obtaining such statistical proportion between
the interesting gene list and term t. A multiple testing correction
method, such as the Benjamini-Hochberg method, was then used
to adjust the P value to control the type I error (false-positive) rate.

p=1-

Weighted DO enrichment analysis

The disadvantage of the classical enrichment analysis approach
is that it ignores the annotation dependencies between DO terms
that are caused by the “true-path” rule. This inheritance problem
can lead to some terms being over-enriched. To address this prob-
lem, we developed the weighted DO enrichment analysis method,
referred to as EnrichDO, by double-weighting the annotated genes
and integrating DO graph topology on a global scale. On the one
hand, we assigned distinct initial weights to directly annotated
genes and to indirectly annotated genes caused by the “true-path”
rule, respectively, with the intention of reinforcing the saliency of
direct gene-DO annotations while reducing the influence of indi-
rectly annotated genes. On the other hand, we dynamically down-
weighted genes in less significant nodes to reinforce differences in
significance between the parent and its children, as described by
Alexa et al. [33].

We first define 4 key concepts:

(i) Initial weight w;. Initially, for each DO term, the weights for
all directly annotated genes are set to 1, and the weights for in-
directly annotated genes decrease by 0.1 for each level inherited
upward. The smaller the weights of indirectly annotated genes,
the less the contribution that these genes have to the enrichment
analysis. Notably, smaller weights can cause certain nodes to be
missed during the enrichment analysis. In this study, the weights
for indirectly annotated genes were no less than 0.5. Decreasing
the initial weights of the indirectly annotated genes, which are
typically annotated with parent or ancestor nodes, can effectively
alleviate the over-enrichment problem.

(if) Dynamic weight wq. For a given DO term t and its child c, the
weight assigned to genes annotated to this pair of terms is defined
as follows:

log (score (c))

Wa= log (score (t)) @)

where score(,) is the P value of the hypergeometric test with
weighted genes. The weights for genes annotated to each node
are memorized and updated during the process. Dynamic weight
reinforces the differences in significance between the parent and
its children, thereby reducing the local impact of inheritance.

(iii) Penalty score. The penalty score is a penalty value for
gene weights used to supplement the initial weight and dynamic

weight. It is defined as follows:

penal = max ( ! log (xmin) 1> (3)

10 log (score (t)) + log (score (c))’
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where xmin is the minimum positive number in R, 1/10 is the
scale factor, and score() is the P value of the hypergeometric test
with weighted genes mentioned above. When the P values of the
parent and child nodes are similar, the penalty score significantly
decreases the gene weights, rather than wy.

(iv) Significance score. The significance score for a given DO
term t is calculated by applying the hypergeometric test with
weighted genes. The number r in formula (1), which indicates
the number of interesting genes included in term t, is replaced
by rounding down the sum of the weight of r genes. The num-
ber m, which indicates the number of genes annotated to term
t, is replaced by rounding down the sum of the weight of m
genes.

EnrichDO is a double-weighted iterative model. Given a thresh-
old of 0.01 (or less), our aim is to find significantly enriched DO
terms with P values <0.01. The overall process of the algorithm
is shown in Fig. 1A, and the detailed process is described step-by-
step as follows:

Step 1. Given the DAG with levels (mentioned in “Seman-
tic expansion in DO DAG”), we set distinct initial weights
for annotated genes for each node. We process the nodes
bottom-up, from the highest level, and then iteratively
move to nodes at lower levels, with the aim of identify-
ing the most specific nodes with minimum required signif-
icance (as shown in Fig. 1A, B). For the current node t, all
its children have significance scores; children with P values
larger than the threshold are excluded, as shown in Fig. 1A
and B. The node t is then processed by step 2 to step 5, as
shown in Fig. 1C.

Step 2. For the current node t, we calculate its significance
score, using concept (iv) described above. If the score is
larger than the threshold, then the process moves to the
next node. Otherwise, t is compared to each of its children
to discover the most significant nodes locally. In detail, for
each child ¢, we calculate the weight wy for the pair of
terms. When wy > 1, it indicates that ¢ is more significant
than t; thus, node c is a local optimum, and c is moved from
children to sigChildren. Otherwise, ¢ remains in children.
This step is shown in Fig. 1C-(1).

Step 3. For each child c in sigChildren, the weight of the genes
annotated to c is decreased, by dividing term t and all its
ancestors by wy and the penalty score. The child c is then
removed from sigChildren, until the sigChildren is empty.
This step is shown in Fig. 1C-(2).

Step 4. Steps 2-3 are executed recursively. The significant score
of t is recalculated with updated weights and is compared
to its remaining children. This process is carried out until
either of the 2 following situations arises: (i) there are no
remaining children, in which case the process moves to the
nextnode, or (ii) remaining children exist, in which case the
process moves to step 5.

Step 5. For each remaining child ¢, it is less significant than t.
Thus, node t is a local optimum, and the weight of genes
annotated to cis decreased by multiplying wy (wg < 1) and
dividing it by the penalty value, thereby reducing the contri-
bution of genes to the child nodes. The significance score is
then recalculated, and the process moves to the next node.
This step is shown in Fig. 1C-(3).

Last, the multiple testing correction procedure from the
Benjamini-Hochberg method (1995) is applied to adjust the sig-
nificance score (P values).

Results

Summary of annotations of the human genome
with DO

Annotating human genes with DO is crucial to advancing the dis-
cover of gene-disease associations. In this study, GeneRIF and DO
terms were utilized to annotate the human genome with DO, us-
ing the Mrep tool. We annotated 525,289 GeneRIF entries of H.
sapiens with 4,407 disease ontologies directly. We then integrated
and filtered the annotated results, finally acquiring 191,542 gene-
DO annotations with 4,361 DO terms and 15,106 pc genes. We
analyzed all gene-DO annotations except for the term “disease”
(DOID:4), which lacks specific significance. The number of genes
annotated with each DO term was distributed from 1 to 4,730.
The annotation results show an uneven distribution (Fig. 2A). Out
of 4,360 DO terms, 2,971 (68.14%) have fewer than 10 annotated
genes, among which 1,217 specific terms have only 1 annotated
gene. In contrast, 29 DO terms have more than 1,000 annotated
genes. The DO term “cancer” (DOID:162), with the highest num-
ber of annotated genes (4,730), is a disease of uncontrolled cel-
lular proliferation that is malignant and primary, characterized
by both local cell invasion and metastasis. It is a generalized and
widely studied disease located at level 4 of DAG. Specific cancer
types, such as breast cancer, hepatocellular carcinoma, and col-
orectal cancer, are also widely studied and annotated with more
than 3,000 genes.

The number of DO terms annotated by each gene was dis-
tributed from 1 to 506, which presented an uneven distribution,
as shown in Fig. 2B. Of 13,699 genes, 213 (1.55%) were annotated
to more than 100 DO terms, while 9,595 genes were annotated to
no more than 10 DO terms, of which 2,463 genes annotated to only
1DO term. The pc gene “tumor necrosis factor (TNF),” which anno-
tated with the highest number of DO terms (506), encodes a mul-
tifunctional proinflammatory cytokine that belongs to the TNF
superfamily. This cytokine is involved in the regulation of a wide
spectrum of biological processes, including cell proliferation, dif-
ferentiation, apoptosis, lipid metabolism, and coagulation. It has
been implicated in a variety of diseases, including autoimmune
diseases, insulin resistance, psoriasis, rheumatoid arthritis, anky-
losing spondylitis, tuberculosis, autosomal dominant polycystic
kidney disease, and cancer. Mutations in TNF affect susceptibil-
ity to cerebral malaria, septic shock, and Alzheimer’s disease [41].
Other notable genes, such as interleukin 6 (IL6), tumor protein p53
(TP53), vascular endothelial growth factor A (VEGFA), transform-
ing growth factor beta 1 (TGFB1), and matrix metallopeptidase 9
(MMP9), are also implicated in a variety of diseases and annotated
to more than 400 DO terms.

High annotation quality is essential to the performance of
enrichment analysis. We manually validated the annotations
and compared them with the disease and gene annotations of
the DGA database [25]. We randomly extracted and manually
checked 5,000 annotation mappings, excluding the term “disease”
(DOID:4). Out of 5,000 mappings, 204 were incorrectly annotated,
and the false positive (4.08%) was within an acceptable range,
which confirmed the accuracy of the annotations of EnrichDO. In
addition, we compared the annotations with the DGA database,
which was widely used for DO enrichment analysis [31]. We se-
lected 4 diseases with annotated gene numbers in different dis-
tribution intervals—namely, Leigh disease (DOID:3652, with 53 an-
notated genes), retinitis pigmentosa (DOID:10584, with 158 anno-
tated genes), colorectal carcinoma (DOID:0080199, with 549 anno-
tated genes), and schizophrenia (DOID:5419, with 1,299 annotated
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Figure 1: Flowchart of EnrichDO. (A) The main process of EnrichDO. (B) The nodes of the DAG were processed bottom-up, and the children of node t
were divided into different sets according to their significance scores. (C) Each node t was processed in detail step by step.

genes). We then collected the manually curated disease-gene re-
lations for these 4 diseases from the DisGeNET [42], MalaCards
[43], and DISEASE [44] databases as standards. When compar-
ing the directly annotated genes of Leigh disease against these 3
databases, we acquired 27, 11, and 26 overlaps, respectively; over-
laps with DGA were 14, 7, and 13 (see Fig. 2C). Similar results
were observed for retinitis pigmentosa, colorectal carcinoma, and
schizophrenia. As shown in Fig. 2D-F and Table 2, EnrichDO an-
notations consistently outperformed those of the DGA database
in overlap counts, demonstrating the accuracy of EnrichDO anno-
tations and their reliability for DO enrichment analysis.

Comparison with other methods

We compared EnrichDO with the classic ORA method (common
hypergeometric test) and topGO [33], both of which have been
widely used in GO enrichment analysis. Consequently, we con-
ducted comparisons based on GO and DO separately, utilizing the
latest annotations of GO and DO. For the topGO analysis, the pa-
rameters for the algorithm and statistic were set to “weight” and
“fisher,” respectively.

We first applied 3 methods to perform GO (biological pro-
cess, BP) enrichment analysis on acute lymphoblastic leukemia
(ALL) [45], which had been previously analyzed using topGO. The
dataset consists of 95 patients with B-cell ALL and 33 patients
with T-cell ALL in the study. A total of 194 differentially expressed
pc genes with |logFC|>1 were obtained for the enrichment analy-
sis. The top 10 enriched GO terms of EnrichDO are displayed in
Fig. 3A. Among the top 10 results, EnrichDO had 4 terms that

overlapped with topGO, including “T-cell receptor signaling path-
way” (GO:0050852), “adaptive immune response” (GO:0002250),
“peptide antigen assembly with MHC class II protein complex”
(GO:0002503), and “B-cell activation” (GO:0042113). The top en-
riched GO term identified by EnrichDO was “antigen receptor-
mediated signaling pathway” (GO:0050851), which was defined as
the series of molecular signals initiated by the cross-linking of an
antigen receptor on a B or T cell. The hypergeometric test had only
1 overlap with EnrichDO, named “immune response-regulating
cell surface receptor signaling pathway” (GO:0002768). Addition-
ally, GO terms such as “positive regulation of T-cell activation”
(GO:0050870) and “immune response-activating cell surface re-
ceptor signaling pathway” (GO:0002429) were also top-ranked in
EnrichDO’s results. As shown in Supplementary Table S1, the en-
riched terms of EnrichDO and topGO are more specific than those
of the hypergeometric test. Notably, although the results of topGO
are specific, they overlook the parent nodes of some significant
nodes, which was more evident in the following DO enrichment
analysis.

We then performed DO enrichment analysis on a publicly avail-
able dataset for Alzheimer’s disease (AD), which is a neurological
disorder. AD is associated with declines in thinking, memory, and
language and with personality changes and changes in the brain
that eventually resultin the loss of ability to carry out simple daily
tasks [46]. Due to the lack of a gold-standard dataset for DO en-
richment analysis, we collected AD-related genes from DisGeNET
[42], which is deemed a gold-standard dataset. We collected 91
curated disease-associated pc genes from the DisGeNET, which
were taken as interesting gene set for DO enrichment analysis.
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of DO terms annotated to each gene. (C) Annotations of Leigh disease in different databases. (D) Annotations of retinitis pigmentosa in different
databases. (E) Annotations of colorectal carcinoma in different databases. (F) Annotations of schizophrenia in different databases.



Table 2: Comparison of annotations between EnrichDO and DGA for different DO terms

Number of Number of
related genes in Number of overlaps Number of
EnrichDO and related with overlaps
DOID Disease DGA* Database genes EnrichDO with DGA
DOID:3652 Leigh disease 53/21/15 MalaCards 23 11 7
DISEASE 63 26 13
DisGeNET 47 27 14
DOID:10548 Retinitis 158/126/92 MalaCards 154 89 62
pigmentosa
DISEASE 106 77 62
DisGeNET 104 80 57
DOID:0080199 Colorectal 549/52/15 MalaCards 97 26 8
carcinoma
DISEASE 0 0 0
DisGeNET 702 95 12
DOID:5419 Schizophrenia 1299/720/665 MalaCards 30 12 13
DISEASE 16 13 12
DisGeNET 883 602 448

*The three values in the third column represent the number of genes annotated with the corresponding DO term in EnrichDO and DGA, as well as the number of
overlaps between EnrichDO and DGA.
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Figure 3: Comparison of EnrichDO with other methods. (A) Comparison of GO enrichment analysis of EnrichDO, topGO, and the hypergeometric test
on the ALL case. (B) Comparison of DO enrichment analysis of EnrichDO, topGO, and the hypergeometric test on the AD case.

All 3 methods were based on the latest annotations of DO from tion and dementia. MCI is a useful label in clinical settings to help
EnrichDO. identify individuals who are at risk of developing AD [48]. Demen-
The top 10 enriched DO terms of EnrichDO are presented in tia is characterized by progressive deterioration in cognition, func-
Fig. 3B, with ascending order of their computed P values. The first- tion, and behavior; AD is the most frequent cause of dementia
ranked disease is AD, indicating that EnrichDO can accurately en- [48]. Thus, top 10 ranked DO terms are all neurological or cogni-
rich the specific disease. The second-ranked DO term is “tauopa- tive system diseases, indicating the accuracy of the enrichment
thy” (DOID:680), a heterogeneous group of neurodegenerative dis- algorithm.
eases characterized by aggregated tau proteins, which is the par- Results from the comparison with the hypergeometric test and
ent of AD [47]. “Mild cognitive impairment” (DOID:0080832) and topGO on AD are displayed in Fig. 3B and Table 3. All 3 methods
“dementia” (DOID:1307) were also top-ranked. Mild cognitive im- acquired low P values due to the manually curated AD-related in-

pairment (MCI) is an intermediate state between normal cogni- teresting genes. In the top 10 results, topGO had 7 overlaps with
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Table 3: Comparison of enrichment results with other methods on the AD case

EnrichDO ORA* topGO
DOID DOTerm Level P Rank P Rank P Rank
DOID:10652 Alzheimer’s disease 7 2.19E-71 1 2.44E-71 1 2.44E-71 1
DOID:680 Tauopathy 6 4.38E-63 2 3.89E-71 2 1 4054
DOID:0080832 Mild cognitive impairment 4 3.09E-52 3 3.09E-52 4 3.09E-52 2
DOID:1307 Dementia 4 3.02E-43 4 4.52E-44 5 4.52E-44 3
DOID:14330 Parkinson’s disease 7 3.27E-42 5 3.48E-42 7 3.48E-42 4
DOID:0050890 Synucleinopathy 6 2.26E-34 6 3.30E-41 8 1 3178
DOID:1561 Cognitive disorder 3 1.26E-30 7 1.01E-43 6 5.72E-14 45
DOID:1596 Depressive disorder 5 2.19E-28 8 1.40E-31 10 1.40E-31 5
DOID:2377 Multiple sclerosis 8 8.99E-27 9 1.33E-27 12 1.33E-27 6
DOID:5419 Schizophrenia 5 2.70E-25 10 2.78E-25 16 2.78E-25 7
DOID:1289 Neurodegenerative disease 5 1.68E-22 15 8.17E-58 3 1 4348
DOID:150 Disease of mental health 2 2.14E-11 107 3.61E-35 9 1 4810
DOID:1596 Depressive disorder 5 2.19E-28 8 1.40E-31 10 1.40E-31 5
DOID:11612 Polycystic ovary syndrome 7 3.05E-25 11 3.05E-25 17 3.05E-25 8
DOID:9352 Type 2 diabetes mellitus 7 2.02E-22 16 2.07E-22 28 2.07E-22 9
DOID:7148 Rheumatoid arthritis 8 2.96E-21 18 3.31E-21 33 3.31E-21 10

*ORA represents the hypergeometric test.

EnrichDO’s results; the DO terms “tauopathy” (second) and “synu-
cleinopathy” (sixth) were identified as nonsignificant (P value =
1) by topGO, while “cognitive disorder” (seventh) ranked 45th in
the topGO results. The more specific DO terms “polycystic ovary
syndrome,” “type 2 diabetes mellitus,” and “rheumatoid arthritis”
were also among the top 10 results but are not as closely related
to AD as are the aforementioned 3 terms. The hypergeometric test
had 8 DO terms that overlapped with EnrichDO, and the top 2
enriched DO terms were “Alzheimer’s disease” and “tauopathy.”
Nevertheless, DO terms ranked differently between the 2 meth-
ods, with the top-ranked DO terms of EnrichDO being more spe-
cific. The phenomenon is more evident in other comparisons of
the significant results. Setting the threshold P< 0.01 and P-adjust
< 0.01, the hypergeometric test identified 859 significant terms,
far exceeding those identified by EnrichDO (405) and topGO (272).
We investigated the top 50, 100, and 200 results of the 3 methods
in the DAG. The results of the hypergeometric test are more gen-
eral, are located at lower levels, and primarily converge on same
branches. Conversely, the results of topGO are more specific, lo-
cated at higher levels, and distributed across distinct branches
(Supplementary Table S2). The above results indicate that the hy-
pergeometric test performed enrichment term-for-term and can-
not solve the over-enrichment problem, while topGO recognized
more specific terms but might overlook truly relevant nodes. In
contrast, EnrichDO often yields more accurate, and more specific
DO terms, thereby overcoming the over-enrichment problem. At
the same time, it is also a moderate weighted algorithm that will
not neglect true significant terms, even though their child nodes
are significant.

Comparison with current DO-based enrichment analysis
tools

We also applied the AD case to compare EnrichDO with DOSE
(v3.26.2), Flame (V2.0), and KOBAS-i, which are widely used
disease-based enrichment analysis tools. The enrichment tool
option for Flame was set to “aGOtool,” and the minGSSize and
maxGSSize for DOSE were set to 5 and 5,000, respectively. All other
parameters for these tools were set to default. Among the top 10
results, DOSE had 4 overlaps with EnrichDO. Notably, it recognized
“tauopathy” as the most significantly enriched DO term, which

is the parent of “Alzheimer’s disease.” The latter term ranked
second. The parent and ancestors of the term “tauopathy,” in-
cluding “neurodegenerative disease,” “central nervous system dis-
ease,” and “nervous system disease,” were also significantly en-
riched (Fig. 4). This may be attributed to the inheritance prob-
lem caused by the“true-path” rule. DOSE identified statistically
significant enriched diseases based on the hypergeometric test,
which did not take topological relationships between DO terms
into consideration. Another explanation for the results is that the
annotation data of DOSE has not been updated and therefore con-
tains only 10,312 annotated genes, compared to 15,106 pc genes
in EnrichDO. Furthermore, DOSE obtains similar results when the
enrichment background is restricted to pc genes (Supplementary
Table S3). Flame had 3 overlaps with EnrichDO: “AD,” “dementia,”
and “cognitive disorder.” Flame recognized AD as the top corre-
lated disease; however, in comparison to EnrichDO, other results
obtained by Flame were more general, as shown in Fig. 4. In ad-
dition, the branches of Flame results are more similar to DOSE
(with 6 overlaps), and there is a branch related to metabolic dis-
eases. KOBAS recognized 5 duplicate AD-like diseases, with dif-
ferent disease names that come from different human disease
databases. The other results were mainly related to cardiovascu-
lar disease and metabolic disease. KOBAS incorporated 3 human
disease databases, OMIM, KEGG DISEASE, and the NHGRI GWAS
Catalog (NHGRI) but did not include DO. Multiple data sources
might lead to redundancy in the enrichment results. The above
results indicated that EnrichDO performed better than current
methods.

Robustness of EnrichDO

We tested the robustness of EnrichDO with the AD dataset by re-
moving interesting genes and by adding noise, respectively. First,
we removed the AD dataset at 5% intervals and repeated the En-
richDO method 100 times for each removal. The number of signif-
icant overlapped DO terms (top 100) decreased slowly compared
to the original data, and the ratio of overlapped DO terms to orig-
inal significant DO terms remained at 74.17%, even after removal
of up to 30% of the AD dataset (Fig. 5A). These results indicate
that the EnrichDO method is robust to data removal. In a simi-
lar way, noise was added to the AD dataset. We added 5% to 30%
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Figure 4: Comparison of enrichment results of EnrichDO with DOSE and Flame on the AD case.

noise from a background gene set, at 5% intervals, repeated 100
times. Significantly overlapped DO terms in the top 100 decreased
from 94.8 to 86.6 (Fig. 5B). The results highlight the robustness of
EnrichDO to data noise.

Accuracy assessment

The comparison and evaluation of different DO enrichment al-
gorithms relies on true relevant DO terms. In the real datasets
mentioned above, the true significant DO terms are not known.
To address this problem, the simulated dataset was applied to test
the accuracy of EnrichDO. The simulation study was designed as
follows:

(i) Select the known DO terms. The number of genes directly an-
notated with DO terms was distributed from 1 to 4,730. DO
terms with annotated genes that are too small or too large
are biased. Therefore, we ordered DO terms by the number
of their annotated genes and selected 20 (or 30) known DO

terms randomly from the middle 50% of DO terms, which
were deemed as the truly enriched nodes.

(ii) Obtain the interesting gene list. The genes annotated to the
known DO terms were combined into a single set, which
were deemed the list of interesting genes. Considering that
some genes annotated with many DO terms are without
specificity and may bring noise to simulation study, genes
annotated to 30 or more DO terms were removed from the
list.

(iii) Evaluate performance. In the simulation study, the perfor-
mance of the algorithms is evaluated by the number of
overlaps between the identified significant DO terms and
the known DO terms.

We compared EnrichDO with the hypergeometric test (based
on annotations of EnrichDO) and DOSE (Fig. SC-F). When select-
ing 20 known DO terms, among top 25 results, EnrichDO identified
an average of 9.23 (46.15%) nodes that overlapped with known DO
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terms, compared with an average of 7.57 (37.85%) overlaps for the
hypergeometric test and 4.39 (21.95%) overlaps for DOSE. When
relaxed to the top 100 nodes, an average of 14.79, 14.73, and 7.2
(73.95%, 73.65%, and 36%) overlaps were identified by EnrichDO,
the hypergeometric test, and DOSE, respectively (Fig. 5C). The re-
sults indicate that EnrichDO has a better performance. A simula-
tion study of 30 selected, known DO terms was implemented in a
similar manner; results are shown in Fig. 5D. Notably, when the in-
teresting gene list was derived from genes directly annotated with
20 (or 30) known DO terms, accuracy improved significantly, from
73.95% t089.7% (or 57% to 72.93%), as shown in Fig. 5E, F. Thus, the
accuracy of EnrichDO was better than the hypergeometric test,
indicating that the weighted algorithm performs better than the
classic ORA enrichment methods. The hypergeometric test was
better than DOSE, indicating the accuracy of disease-gene anno-
tations of EnrichDO.

EnrichDO application on disease expression
profile dataset

EnrichDO was further applied to 2 real gene expression datasets
of pancreatic cancer [49, 50]. The pancreatic cancer dataset I con-
tains microarray gene expression profiles (GSE16515), including
36 pancreatic tumors and 16 normal samples [49]. Briefly, a list of
1,380 differentially expressed genes (DEGs) were identified with a
strict threshold (|logFC|>1, P < 0.05, q < 0.05), of which 1,094 up-
regulated DEGs were taken as the interesting genes. DO enrich-
ment results using EnrichDO, DOSE, and the hypergeometric test
are displayed in Table 4 and Fig. 6A. EnrichDO identified “pan-
creatic cancer” (DOID:1793) as the most significantly enriched
term, as did the hypergeometric test. Meanwhile, DOSE identi-
fied it as the 8th most significantly enriched term and KOBAS
as the 21st and 22nd most significantly enriched terms. Among
top 10 results, EnrichDO identified many cancer types, such
as “stomach cancer” (DOID:76), “colorectal cancer” (DOID:9256),
“breast cancer” (DOID:1612), and “lung non-small cell carcinoma”
(DOID:3908). On the one hand, the interesting gene list contains
many cancer genes, such as ERBB2, HMGA1, and MET, that are
related to these cancer types, which have been widely studied.
Because these cancer terms have thousands of directly anno-
tated genes, they may be apt to enrichment. Such case also took
place in DOSE and the hypergeometric test results. Furthermore,
DO terms identified by DOSE and the hypergeometric test were
more general—for example, “endocrine gland cancer” (DOID:170),
“gastrointestinal system cancer” (DOID:3119), and “carcinoma”
(DOID:305), which were ancestors of the results of EnrichDO.
The above results indicate that EnrichDO has superior perfor-
mance over other algorithms in real microarray gene expression
datasets.

Pancreatic cancer dataset II contains RNA sequencing expres-
sion profiles (GSE119794), including 10 paired pancreatic tumor
and normal samples [50]. After differential gene expression anal-
ysis, a list of 372 upregulated DEGs were identified with a strict
threshold (|logFC|>1, P < 0.05, q < 0.05), which were adopted as the
interesting gene list. As Fig. 6B shows, EnrichDO obtained enrich-
ment results similar to those for dataset I, even though the num-
ber of interesting genes varied significantly. Among top 10 results,
the terms identified by EnrichDO were more specific than the hy-
pergeometric test, although “pancreatic cancer” ranked second in
the EnrichDO results, highlighting EnrichDO’s utility for RNA se-
quencing expression dataset analysis. In contrast, DOSE identified
“pancreatic cancer” as the 44th most significantly enriched term.
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The results show that the annotations and proposed algorithms
perform better than the classic methods on real gene expression
datasets.

EnrichDO application on other datasets
DO enrichment on a microbial host gene set

To explore the application of EnrichDO on additional datasets, we
applied EnrichDO to the host gene set of microbes of inflamma-
tory bowel disease (IBD). IBD, mainly in forms of Crohn’s disease
(CD) and ulcerative colitis (UC), is characterized by debilitating
and chronic relapsing and remitting inflammation of the gastroin-
testinal tract or the colon; IBD exhibits significant heterogeneity
at the clinical, molecular, genetic, and microbial levels [51]. Priya
et al. [52] investigated the shared and disease-specific host gene-
microbiome associations and identified subsets of significantly
correlated host genes and gut microbes. The set of host genes
was used to perform DO enrichment analysis in this study. En-
richDO identified IBD (DOID:0050589) accurately, ranking first in
the result list, with “colorectal cancer” (DOID:9256) ranking third.
The second term was “asthma” (DOID:2841), which was found to
be associated with subsequent development of IBD by Kuenzig et
al. [53]. As shown in Fig. 6C, the results suggest a high level of
accuracy of EnrichDO when using coexpressed host genes in mi-
croorganisms, supporting the hypothesis that host genes and gut
microbial taxa involved in common biological functions act in a
coordinated fashion.

DO enrichment on hallmark gene sets

EnrichDO can also be applied to investigate potential connections
between diseases and specific gene sets, such as hallmark gene
sets. We selected the hallmark gene sets of “inflammatory re-
sponse” and “pancreas beta cells” from the Molecular Signatures
Database (MSigDB) [54] and used the gene sets to execute DO en-
richment analysis. For “inflammatory response,” the top 10 en-
riched DO terms in EnrichDO were inflammation-related diseases
or immune diseases (see Table 5 and Fig. 6D). For “pancreas beta
cells,” the top 10 enriched DO terms in EnrichDO consisted en-
tirely of islet-related diseases or diabetes mellitus (see Table 6 and
Fig. 6E). The results suggest that EnrichDO is an effective means of
uncovering associations between specified gene sets and human
diseases.

Discussion

Compared to various GO enrichment analysis methods, DO en-
richment analysis methods are relatively scarce. We annotated
the latest GeneRIF information with DO terms and provided a
new DO enrichment analysis method, EnrichDO, which com-
prehensively considers DO graph topology and double-weighting
of annotated genes. EnrichDO is a moderately weighted algo-
rithm that effectively addresses over-enrichment without prun-
ing truly enriched nodes. EnrichDO improved the accuracy of
enrichment analysis results compared to classic enrichment
analysis methods and current DO-based enrichment analysis
tools. Simulation and robustness tests indicate high and sta-
ble performance for EnrichDO. Additionally, we successfully
applied EnrichDO to different datasets, such as a microar-
ray gene expression dataset, an RNA sequencing expression
dataset, a host gene set of microorganisms, and hallmark gene
datasets.
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Table 4: Comparison of enrichment analysis results of EnrichDO on pancreatic cancer case (GSE16515)

EnrichDO ORA* DOSE

DOID DOTerm Level geneRatio P Rank P Rank P Rank
DOID:1793 Pancreatic cancer 6 435/1,038 2.24E-92 1 4.64E-107 1 1.99E-24 8
DOID:10534 Stomach cancer 6 498/1,038 6.82E-90 2 3.67E-90 7 1.82E-16 20
DOID:299 Adenocarcinoma 6 488/1,038 6.17E-89 3 1.04E-100 2 2.42E-10 59
DOID:1324 Lung cancer 6 592/1,038 4.03E-85 4 5.23E-89 9 1.86E-15 24
DOID:850 Lung disease 5 646/1,038 2.83E-80 5 1.20E-96 4 1.47E-12 44
DOID:9256 Colorectal cancer 8 564/1,038 2.34E-79 6 1.09E-79 15 3.43E-09 72
DOID:1612 Breast cancer 6 613/1,038 4.62E-79 7 2.18E-79 18 2.08E-25 6
DOID:3908 Lung non-small cell 8 481/1,038 6.27E-79 8 2.68E-81 13 3.15E-14 28

carcinoma
DOID:76 Stomach disease 4 501/1,038 9.22E-79 9 1.11E-89 8 1.10E-03 241
DOID:0050615 Respiratory system cancer 5 615/1,038 1.97E-77 10 9.96E-91 6 5.30E-16 22
DOID:26 Pancreas disease 4 445/1,038 5.78E-68 16 7.90E-100 3 8.21E-03 376
DOID:28 Endocrine system disease 3 617/1,038 1.72E-32 48 3.05E-91 5 2.94E-02 495
DOID:170 Endocrine gland cancer 5 633/1,038 9.90E-50 24 5.71E-87 10 1.66E-27 4
DOID:0050687 Cell type cancer 4 814/1,038 1 4618 1 4674 1.66E-35 1
DOID:0050686 Organ system cancer 4 944/1,038 1 4617 1 4673 7.31E-32 2
DOID:305 Carcinoma 5 792/1,038 1 4497 1 4606 2.23E-30 3
DOID:170 Endocrine gland cancer 5 633/1,038 9.90E-50 24 5.71E-87 10 1.66E-27 4
DOID:3119 Gastrointestinal system 5 770/1,038 1 4499 1 4608 2.44E-26 5

cancer
DOID:5093 Thoracic cancer 5 613/1,038 2.54E-71 13 2.40E-79 19 2.38E-25 7
DOID:120 Female reproductive organ 6 493/1,038 3.07E-56 21 6.03E-75 21 2.62E-24 9

cancer
DOID:193 Reproductive organ cancer 5 587/1,038 1.14E-44 29 2.40E-71 24 1.00E-23 10

*ORA represents the hypergeometric test.

There are some limitations of the current study. One is that the
size of the interesting gene list influences the enrichment analysis
results. As shown in the simulation study, when the size of known
DO terms increased from 20 to 30, the average number of inter-
esting genes (directly annotated) increased from 1,525 to 2,176,
while accuracy decreased from 89.7 to 72.93% (Fig. SE, F). It can be
concluded that an excessively large genes-of-interest set can de-
crease enrichment efficiency. This phenomenon also appeared in
the pancreatic cancer (GSE16515) case. By setting different thresh-
olds of |logFC|, the number of interesting genes changed, and En-
richDO acquired better performance within the number range 67-
1,094 (see Supplementary Fig. S1). When the genes-of-interest set
is large, some general DO terms with too many annotated genes
are enriched; examples include “stomach cancer” and “lung non-
small cell carcinoma,” which may be related to pancreatic cancer.
It is worth noting that some top-ranked terms, such as “stom-
ach disease” (23/3,141) and “lung disease” (119/4,701), may be
over-enriched, owing to inheritance problems, although EnrichDO
down-weighted indirectly annotated genes. Therefore, a moder-
ate size for the interesting gene list is suggested, as is setting a
threshold for the number of annotated gene of DO terms (e.g.,
minNum=10, maxNum=2,000). Another unexpected issue we ob-
served is bias of annotations. Some specific DO terms have too few
annotated genes to be enriched, due to a lack of available informa-
tion. Out of 4,361 DO terms, 2,971 were annotated to fewer than
10 genes. A pipeline that automatically integrates the manually
curated disease-gene relations from other databases will greatly
improve the performance of EnrichDO.

In general, annotations of the human genome with DO terms
and the corresponding weighted DO enrichment analysis method
described herein demonstrate superior performance over exist-
ing approaches. Semantically annotating results based on the lat-
est GeneRIF and DO terms connected data on genes and dis-

eases through the lens of human disease. Based on these anno-
tations, EnrichDO exhibited higher accuracy that often yielded
more specific significant DO terms, which alleviated the inheri-
tance problem, making it an effective DO enrichment tool. To fa-
cilitate the use of our model, we have developed an R-based soft-
ware package, which is freely available through Bioconductor [35]
or at GitHub [36]. Background annotations will be updated annu-
ally according to the latest information in the GeneRIF and DO
databases, and the EnrichDO package will be continuously main-
tained.

Availability of Supporting Source Code and
Requirements

Project name: EnrichDO

Project homepage: https://bioconductor.org/packages/release/
bioc/html/EnrichDO.html [35], the latest version can be available
at Bioconductor devel branch [S5] or GitHub [36]. Our GitHub
project has also been archived in Software Heritage [56].
Software Heritage PID: swh:1:snp:6614022663955ab147{83f12ecc72
1lea8f314b56

Operating system(s): Platform independent

Programming language: It is recommended to use R version 4.4
and Bioconductor version 3.20 or later. For versions below R-4.4
(minimum R-4.0), users can download source packages from Bio-
conductor and install package(s) from local files.

Other requirements: R packages BiocGenerics, Rgraphviz, cluster-
Profiler, hash, S4Vectors, dplyr, ggplot2, graph, magrittr, methods,
pheatmap, graphics, utils, purrr, tidyr, stats

License: MIT

RRID:SCR_025840

bioTools ID: biotools:enrichdo

This workflow is also available in WorkflowHub [57].


https://academic.oup.com/gigascience/article-lookup/doi/10.1093/gigascience/giaf021#supplementary-data
https://github.com/liangcheng-hrbmu/EnrichDO
https://bioconductor.org/packages/release/bioc/html/EnrichDO.html
https://scicrunch.org/resolver/RRID:SCR_025840
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Figure 6: Enrichment results of various datasets. (A) Top 10 enrichment results of EnrichDO, ORA (hypergeometric test), and DOSE for microarray gene
expression profiles (GSE16515). (B) Top 10 enrichment results of EnrichDO, ORA (hypergeometric test), and DOSE for RNA sequencing expression
profiles (GSE119794). (C) Top 10 enrichment results of EnrichDO for host genes of microbes of IBD. (D) Top 10 enrichment results of EnrichDO for
hallmark gene sets of “inflammatory response.” (E) Top 10 enrichment results of EnrichDO for hallmark gene sets of “pancreas beta cells.”

Table 5: The top 10 enrichment analysis results of EnrichDO on an inflammatory response case

DOID

DOTerm

P

DOID:0060032

Autoimmune disease of
musculoskeletal system

DOID:7148 Rheumatoid arthritis
DOID:848 Arthritis

DOID:2841 Asthma

DOID:3342 Bone inflammation disease
DOID:9074 Systemic lupus erythematosus
DOID:3393 Coronary artery disease
DOID:865 Vasculitis

DOID:417 Autoimmune disease
DOID:1176 Bronchial disease

5.04E-56

4.59E-52
1.43E-45
2.96E-40
4.70E-40
8.41E-39
2.96E-38
1.95E-37
1.64E-36
5.42E-36

P-adjust
2.43E-52

1.11E-48
2.30E-42
3.56E-37
4.52E-37
6.75E-36
2.03E-35
1.17E-34
8.76E-34
2.61E-33

geneRatio

129/200

99/200
110/200
76/200
112/200
69/200
82/200
53/200
144/200
79/200

bgRatio
2,083/15,106

1,235/15,106
1,735/15,106
905/15,106
1,819/15,106
780/15,106
1,161/15,106
385/15,106
2,877/15,106
952/15,106
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Table 6: The top 10 enrichment analysis results of EnrichDO on a pancreas beta cells case.

DOID DOTerm P-adjust geneRatio bgRatio
DOID:11717 Neonatal diabetes 5.71E-18 2.75E-14 9/39 27/15,106
DOID:9351 Diabetes mellitus 2.75E-15 6.61E-12 28/39 2,087/15,106
DOID:0050524 Maturity-onset diabetes of the 2.59E-13 4.15E-10 11/39 101/15,106
young
DOID:10603 Glucose intolerance 1.90E-12 2.28E-09 9/39 95/15,106
DOID:9352 Type 2 diabetes mellitus 2.44E-10 2.35E-07 22/39 1,449/15,106
DOID:3892 Insulinoma 5.14E-10 4.13E-07 6/39 38/15,106
DOID:4195 Hyperglycemia 1.01E-09 6.92E-07 13/39 324/15,106
DOID:0111102 Maturity-onset diabetes of the 5.40E-08 3.25E-05 5/39 7/15,106
young type 3
DOID:2018 Hyperinsulinism 6.95E-08 3.72E-05 6/39 84/15,106
DOID:9993 Hypoglycemia 9.20E-08 4.43E-05 6/39 89/15,106

Additional Files

Supplementary Fig. S1. Statistics of enrichment results according
to different threshold of |logFC|.
Supplementary Materials. Comparison with Other Methods.
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