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Abstract

[Purpose/Significance] To address diverse representations of disease knowledge,
this paper proposes a comprehensive semantic similarity calculation scheme that
integrates multiple dimensions of diseases. [Method/Process] Based on integrat-
ing the respective characteristics of disease ontologies and medical encyclope-
dias, a comprehensive semantic similarity model composed of ontology-based
semantic similarity and medical encyclopedia-based disease semantic similarity
is designed. Specifically, graph theory is employed to calculate ontology-based
semantic similarity, while LDA, set theory, and vector space models are uti-
lized to compute medical encyclopedia-based disease semantic similarity. [Re-
sults/Conclusion] By comparing the proposed method with manual judgments
by clinicians, the results demonstrate that the method can effectively reflect
disease semantic similarity. The proposed method can provide a reference for
further research on disease similarity.
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Abstract: [Purpose/Significance] Aiming at different expressions of disease
knowledge, this paper proposes a comprehensive semantic similarity calcula-
tion scheme that integrates multiple dimensions of diseases. [Method/Process]
Based on the integration of characteristics from disease ontology and medical
encyclopedia, a comprehensive semantic similarity model is designed, consisting
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of semantic similarity based on disease ontology and disease semantic similar-
ity based on medical encyclopedia. Specifically, graph theory is employed to
calculate semantic similarity based on disease ontology, while LDA, set theory,
and vector space model are used to compute disease semantic similarity based
on medical encyclopedia. [Result/Conclusion] Comparing the proposed method
with manual judgments by clinicians, the results demonstrate that our approach
can effectively reflect disease semantic similarity. This method provides a valu-
able reference for further research on disease similarity.

Keywords: semantic similarity; disease ontology; disease encyclopedia; simi-
larity measure

Semantic similarity is used to reflect the similarity degree between conceptual
terms or documents and has long been a hot topic and challenging problem
in artificial intelligence, cognitive science, and natural language processing [?].
Semantic similarity finds extensive applications in information retrieval, service
recommendation, and text clustering analysis [?]. Disease semantic similarity
plays an active role in studying disease pathogenesis, diagnosis, and drug de-
velopment, and has been widely applied in research on relationships among
biomedical conceptual terms [?].

In the process of knowledge management for medical information, researchers
have established various knowledge bases containing medical concept relation-
ships from different perspectives, such as the International Classification of
Diseases (ICD) developed by the World Health Organization based on disease
etiology, pathology, clinical manifestations, and anatomical location, and the
Medical Subject Headings (MeSH) established by the U.S. National Library of
Medicine. In recent years, researchers have utilized ontologies to describe rela-
tionships among medical knowledge and built medical ontology knowledge bases
to achieve semantic computability of biomedical terms. The BioPortal [?] main-
tained by the National Center for Biomedical Computing has compiled nearly
a thousand medical ontologies. L. Schriml [?] constructed a disease ontology
to enable formal representation of human diseases. Domestic research on medi-
cal knowledge organization has also been actively conducted, with Zhu Ling et
al. [?] conducting research on traditional Chinese medicine ontology construc-
tion based on Chinese medicine literature, and Academician Li Lanjuan’s team
building a hepatitis ontology [?].

With the development of medical science, people have accumulated vast amounts
of medical knowledge. Medical encyclopedias represent an important form of
knowledge representation. Experts both domestically and internationally have
published numerous medical encyclopedias, such as the Merck Manual collab-
oratively written by hundreds of medical experts worldwide, an independent
peer-review editorial board, and professional medical authors, and the Chinese
Medical Encyclopedia completed under government leadership in China. The
Internet era has promoted the development of encyclopedias, forming platforms
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like Wikipedia and Baidu Baike, which have also given rise to medical Internet
encyclopedias such as MedlinePlus established by the U.S. National Library of
Medicine and the medical encyclopedia in Baike Mingyi led by China’s National
Health Commission.

How to leverage different types of medical information resources to calculate
disease semantic similarity, improve the comprehensiveness and accuracy of dis-
ease semantic similarity computation, and facilitate discovery services for med-
ical information resources will provide support for the development of deeper
smart medicine. Based on this, this study utilizes information from disease
descriptions in disease ontologies and medical encyclopedias, designs a multi-
dimensional disease semantic similarity calculation method, first analyzes com-
monly used calculation methods in domestic and international semantic similar-
ity research, then studies the calculation method for multi-dimensional disease
semantic similarity integrating disease ontology and encyclopedia, and finally
analyzes the proposed method using specific examples.

2 Related Research

Semantic similarity has attracted widespread attention from researchers. Ac-
cording to differences in research objects and tasks, semantic similarity can be
divided into concept (word) level and text (sentence, paragraph) level [?]. Con-
cept semantic similarity measures the semantic relationships between words [?].
S. Spagnola et al. [?] utilized the shortest path of concepts in semantic networks,
incorporating user ratings and other features to represent semantic similarity.
R. Cilibrasi et al. [?] used the World Wide Web as a database and Google
search engine as a foundation to construct a Google semantic similarity calcu-
lation method. Some scholars have also used semantic associations in existing
semantic knowledge bases to calculate concept semantic similarity. Li Feng [?]
and Liu Jie [?] studied Chinese concept semantic similarity based on HowNet-
2000 and HowNet-2008 respectively. T. Nguyen [?] and X. Liu [?] used WordNet
to calculate semantic similarity between words. Zhang Junliang et al. [?] used
entry annotations in agricultural encyclopedias to calculate semantic similarity.
Text semantic similarity calculates the semantic correlation degree between sen-
tences or paragraphs [?]. I. Aainul et al. [?] used corpora and longest common
subsequences to study semantic similarity between sentences or paragraphs. Q.
Chen et al. [?] used LDA to calculate semantic similarity of short texts. M.
Farouk [?] utilized word embedding vectors and WordNet to calculate semantic
similarity between two sentences. Li Lin et al. [?] combined dependency parsing
analysis and word embedding vectors to calculate sentence semantic similarity.
Zhan Zhijian et al. [?] calculated short text semantic similarity based on complex
network representation.

According to the implementation algorithms of semantic similarity, it can be
divided into statistical methods, graph-based methods, and hybrid technology
methods [?]. Statistical methods primarily use corpora as a foundation, em-
ploying word co-occurrence and contextual information to represent concepts
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or texts, combined with mathematical operations to calculate semantic similar-
ity. D. Bollegala et al. [?] used page counts and text snippets returned by Web
search engines to calculate semantic similarity. Graph-based methods apply
graph theory to explain semantic similarity based on existing knowledge bases
[?]. R. Rada et al. [?] used the shortest path between two concepts to measure
concept semantic similarity. A. Banu et al. [?] considered sub-concepts con-
tained in concepts as influencing factors of semantic concepts. X. Zhu et al. [?]
introduced local region density of graphs into semantic similarity calculation
to improve similarity effects. Li Wenqing et al. [?] introduced information the-
ory into concept semantic similarity calculation. Hybrid technology methods
comprehensively apply multiple methods for semantic similarity calculation for
multi-source information. L. Sahni et al. [?] integrated Web search engine sim-
ilarity measures and word hierarchical structure similarity measures to achieve
semantic similarity calculation. Y. Yang et al. [?] quantified concept semantic
similarity by comprehensively considering semantic distance between concepts,
concept hierarchy, and overlap between hypernym/hyponym sets.

Semantic similarity is also important in biomedical research processes, such as
gene clustering, gene expression data analysis, and molecular interaction predic-
tion. Semantic similarity in the biomedical field is primarily based on existing
ontologies and medical knowledge bases [?]. J. Jeong et al. [?] and P. Dutta
et al. [?] used gene ontology to study semantic similarity of genes and gene
products. H. Al-Mubaid et al. [?] explored the feasibility of measuring seman-
tic similarity between biomedical domain concepts under the UMLS framework
using Medline as a standard corpus and grid ontology. Li Wenging [?] pro-
posed a medical semantic similarity algorithm using a method that compares
all classification knowledge of concepts.

In summary, existing semantic similarity calculation methods are primarily
based on concept hierarchical relationships in ontology knowledge and text simi-
larity, but they have some problems: (1) Few studies integrate both approaches
to achieve comprehensive semantic similarity calculation for the same semantic
concept. Using different semantic calculation methods for different knowledge
resources and effectively integrating them to calculate semantic similarity can
comprehensively reflect semantic similarity between concepts; (2) In text simi-
larity calculation, concept description texts are generally analyzed as a whole,
with less attention paid to different description expressions for concepts. Using
different calculation methods, decomposing text describing concepts according
to content categories, and processing them separately based on different text
descriptions can more scientifically and reasonably reflect concept semantic sim-
ilarity.

Since disease semantic similarity research is of great significance, and diseases
have multiple knowledge representation forms such as ontologies and medical en-
cyclopedias, while disease concepts in medical encyclopedias consist of multiple
parts including overview, symptoms, etiology, diagnosis, and treatment, this pa-
per integrates disease ontology and medical encyclopedia information resources,
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processes different descriptions of disease concepts in medical encyclopedia sep-
arately, and designs a multi-dimensional disease semantic similarity calculation
method based on disease knowledge representation and content description to
improve the comprehensiveness and rationality of disease semantic calculation.

3 Disease Comprehensive Semantic Similarity Calculation

Disease concepts have various representation forms. By combining character-
istics of different representation forms, selecting appropriate similarity calcu-
lation methods, and effectively integrating different semantic similarities, more
comprehensive and accurate semantic similarity can be obtained. This paper in-
tegrates content from disease ontology and medical encyclopedia disease entries
to analyze disease semantic similarity. The specific scheme is shown in Figure 1
[Figure 1: see original paper|. The calculation process for disease comprehensive
semantic similarity is as follows:

First, find the corresponding disease concepts for two disease terms in the disease
ontology, and calculate the semantic similarity between diseases based on the
Disease Ontology (DO), denoted as S, (wy,w,).

Then, locate the entries for the two diseases in the medical encyclopedia, and
calculate the semantic similarity between diseases using the similarity of medical
encyclopedia content, denoted as S;(w;,ws). This requires calculating defini-
tion semantic similarity, symptom semantic similarity, etiology semantic simi-
larity, diagnosis semantic similarity, and treatment semantic similarity.

Finally, combine the DO-based disease semantic similarity and medical
encyclopedia-based disease semantic similarity through formula (1):

S(wy,wy) = a - Sy (wy,w,) + B+ Sylw;,w,)  Formula (1)

where a+ 3 = 1. The proportion between the two similarities is adjusted accord-
ing to requirements, with the basic principle being to make the comprehensive
disease semantic similarity as consistent as possible with manually judged dis-
ease semantic similarity.

3.1 DO-Based Disease Semantic Similarity Calculation

DO treats each disease concept as a node and establishes an ontology knowledge
base through conceptual semantic associations, linking disease concept terms
with knowledge bases such as MeSH, ICD, SNOMED, and OMIM. Figure 2
[Figure 2: see original paper| shows a partial structure of metabolic disease
classes in DO:

The semantic similarity calculation method for disease ontology is computed
through formula (2):
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B depth(NCW (wy,w,))
~ depth(w,) + depth(wy) — depth(NCW (wy,w,))

S, (wy,w,y) Formula (2)

The value of S, (w;,w,) is in [0, 1], where a larger value indicates greater simi-
larity between the two disease concepts in the disease ontology.

Definition 1: depth(w) represents the depth of concept w to the root node,
i.e., the distance from the node to the root node. For example, in Figure 2,
the distance from “paramyloidosis” to the root node “metabolic disease” is 3,
so depth(paramyloidosis) = 3.

Definition 2: NCW (w;,w,) represents the nearest common ancestor concept
between concept w; and concept w,. In Figure 2 [Figure 2: see original pa-
per], the nearest common ancestor node for “hereditary fructose intolerance
syndrome” (w;) and “glycerol kinase deficiency” (w,) is “hereditary metabolic
disease”, so NCW (w;, ws) = hereditary metabolic disease.

For example, in Figure 2, the semantic similarity between “hereditary fructose
intolerance syndrome” (w;) and “glycerol kinase deficiency” (w,) is calculated

2431 _
as 53— = 0.25.

3.2 Medical Encyclopedia-Based Disease Semantic Similarity Calcu-
lation

In medical encyclopedias, disease entries provide relatively complete explana-
tions of disease knowledge from overview, symptoms (including clinical manifes-
tations, etc.), etiology, diagnosis (including examinations, etc.), and treatment
(including prevention, etc.). Through analysis of entries, the overview section
condenses the essential basic knowledge of diseases; the symptoms section de-
scribes disease manifestations; the etiology section details disease causes; the
diagnosis section describes the diagnostic process; and the treatment section
elaborates on treatment plans.

Since disease entries differ in text length for overview, symptoms, etiology, di-
agnosis, and treatment sections, and there are differences in semantic density of
descriptive language and terms across sections—for instance, overview content
is relatively short with concentrated semantic density, symptoms contain rela-
tively more medical terminology, and etiology, diagnosis, and treatment sections
are relatively longer—this paper designs different semantic similarity calculation
methods for the descriptive characteristics of each section. The overview sec-
tion has relatively few words with high correlation between them, and LDA can
identify latent topic information in texts. Therefore, an LDA-based similarity
calculation method is designed for the disease overview section. Symptom terms
mostly describe clinical manifestations and patients’ abnormal feelings or objec-
tive pathological changes, which can be understood as a set of terms. Thus,
a set-based similarity calculation method is designed for the symptom section,
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referencing J. Zhang’s [?] concept tree structure similarity. The etiology, di-
agnosis, and treatment sections are similar to general text content, but there
are differences in term frequency and other relevant features across sections.
Therefore, vector space-based similarity calculation methods are designed for
etiology, diagnosis, and treatment sections separately.

3.2.1 LDA-Based Similarity Calculation In 2003, D. Blei et al. proposed
the Latent Dirichlet Allocation (LDA) model [?] based on word co-occurrence
and the “word-document-topic” relationship. As an unsupervised machine learn-
ing method, LDA has been widely applied in text information analysis [?]. This
paper treats the overview section of disease entries in medical encyclopedias as
disease definitions, uses the LDA model to obtain the topic distribution of each
disease, and employs relative entropy [?] for similarity calculation since topic
models exist in probability form. The steps for disease definition similarity
calculation are:

(1) Segment words in the overview section of encyclopedia disease entries and
extract medical terms and nouns to form a dataset;

(2) Use the LDA model algorithm to analyze the training dataset and obtain
the “topic-word” LDA model;

(3) Calculate the topic distribution 7T;, of disease w using the LDA model,
and compute disease similarity using Definition 3.

Definition 3: T is the topic distribution of disease definition, (¢,ts,...,t,,).
The definition similarity between disease w, and disease w, is:
S t S t
1i 2i
Sye(wy,wy) =1+ ; t1;In tJ + Zt% In t—l Formula (3)

2% i=1 1z

where n is the number of topics in the LDA model, and ¢,; and t,,; are the prob-
abilities of the i-th topic for w; and wy respectively. The value of S, (wy, w,)
is in [0,1], where a larger value indicates greater similarity between the two
disease concepts.

3.2.2 Set-Based Similarity Calculation Disease symptom similarity is rep-
resented by calculating symptoms described for different diseases, specifically
through Definition 4.

Definition 4: Disease symptoms are represented by set(w), i.e., the set of
terms describing disease symptoms. The symptom similarity between disease
w; and disease wy is:

 |set(wy) N set(w,)]

5  |set(wy) U set(w,)]

sy(

Wy, W) Formula (4)
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where N represents set intersection and U represents set union. The value of
Sgy(wy,wy) is in [0, 1], where a larger value indicates more shared symptoms
and greater similarity between the two disease concepts.

3.2.3 Vector Space-Based Similarity Calculation The vector space
model vectorizes text content, enabling vectorized processing and representing
semantic similarity through spatial similarity, which has been widely applied
in text information processing. The content on etiology, diagnosis, and
treatment in disease encyclopedias is relatively rich, so this paper adopts vector
space-based similarity calculation methods. The specific implementation steps
are: first, vectorize the text of etiology, diagnosis, and treatment sections; then
calculate similarity using Definitions 5, 6, and 7 respectively; finally, compute
disease similarity based on medical encyclopedia through Definition 8.

Definition 5: The word vector for disease etiology w is defined as w,. The
etiology similarity between disease w; and disease wy is:

Wgy - Wso

= —>= %2 Formula (5)
lwsill - lwge|

S (wy, wsy)

where wg; and w,, are text vectors for the etiology sections of diseases w; and
w,, - represents vector dot product, and || represents vector norm operation.

Definition 6: The word vector for disease diagnosis w is defined as w,;. The
diagnosis similarity between disease w; and disease w, is:

Wqy - Wyo

= —= 2 _ Formula (6)
[war ]l - was|

S gi(wy, wy)

where w,; and wg, are text vectors for the diagnosis sections of diseases w; and
Wo.
2

Definition 7: The word vector for disease treatment w is defined as w,. The
treatment similarity between disease w; and disease w, is:

Wyy - Wya

= ————  Formula (7)
[werll - e

Str (wl ’ ’LU2)

where w,; and w,, are text vectors for the treatment sections of diseases w, and
Wy.

The values of S, (wy,wy), Syg;(wy, wy), and S,.(w;, wy) are in [0, 1], where larger
values indicate greater similarity between the two diseases in etiology, diagnosis,
and treatment aspects.

Definition 8: The semantic similarity based on disease description is:
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Sa(wy,wy) = 'Yl'Sde(wpw2)+72'ssy(w1aw2)+’73'5et(w1a W)+ Sg; (W1, Wa)+75-Sy,. (W, wy)  Formula (8)

where vy, 79,73, V4, V5 are weights for each semantic similarity, with v, + v, +
Y3 + 74 + 75 = 1. These weights are adjusted and set through expert evaluation
and experiments, with the basic principle being to set them according to the de-
gree to which content reflects disease semantics. The overview section provides
a relatively comprehensive summary of diseases and is assigned a higher weight;
etiology, symptoms, diagnosis, and treatment describe different aspects of dis-
ease semantics, and their impact on disease semantic similarity is considered
equal.

4 Experiments

To verify the effectiveness of the proposed disease semantic similarity method,
this paper calculated similarity for 20 pairs of diseases using our method and
simultaneously organized clinicians to conduct similarity judgments on the same
20 pairs of diseases, comparing the correlation between our method and manual
judgments.

4.1 Experimental Environment

The dataset primarily includes disease ontology and disease encyclopedia. Dis-
ease ontology data was sourced from Disease Ontology [?] from the Northwestern
University Center for Genetic Medicine and the Institute for Genome Sciences
at the University of Maryland School of Medicine. Disease concept descriptions
utilized the disease encyclopedia from Baike Mingyi [?] constructed by the Na-
tional Health Commission, collecting 7,808 disease concepts. This paper used
medical terms from Baike Mingyi’s drug and test encyclopedias, along with col-
lected medical symptom terms, to form a medical dictionary used for segmenting
disease concept descriptions.

Clinicians are frontline practitioners in clinical treatment and medical research
who best understand semantic associations between diseases. Therefore, this
study organized clinicians from the First Affiliated Hospital of Xinxiang Medical
University (a tertiary Grade A hospital) to judge disease similarity. Five clini-
cians (including 1 chief physician, 2 associate chief physicians, and 2 attending
physicians) from the endocrinology and neurology departments independently
evaluated the similarity of 20 disease pairs on a scale of 0 to 9, where 0 indicates
completely dissimilar and 9 indicates completely similar. The manual similarity
was calculated using formula (9):

15
sP=¢ Z sp; Formula (9)
=1
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where sp; is the similarity score given by the i-th expert for a disease pair.
The value of sp is in [0, 1], where 0 indicates clinicians consider the two disease
concepts completely dissimilar and 1 indicates completely similar. To verify
consistency among the five clinicians’ disease semantic judgments, Cronbach’s
Alpha [?] was used for consistency testing, yielding a result of 0.977, indicating
high consistency among doctors’ disease semantic similarity judgments.

The programming environment used in the experiments was Python 3.6 64-bit
system [?], with natural language processing tools HanLP [?], mathematical
computation library NumPy [?], and topic analysis using gensim’s LDA and
TF-IDF [?].

4.2 Evaluation Methods

To evaluate the effectiveness of the proposed algorithm, Spearman correlation
coefficient and Pearson correlation coefficient were employed. For two random
variables X (disease comprehensive semantic similarity) and Y (manually judged
disease semantic similarity) with the same number of elements, X, and Y, are
the i-th elements in X and Y respectively. Elements in X and Y are sorted in
ascending or descending order, with z; and y, representing the ranking positions
of X; and Y;. The difference between corresponding elements in sets X and Y is
calculated as d; = z; —y;. The Spearman correlation coefficient [?] is calculated
as:

N9
p=1-— m Formula (10)
Tts value ranges between [—1, 1], with larger values indicating stronger correla-
tion. This paper uses the Spearman correlation coefficient to reflect the correla-
tion between the proposed disease comprehensive semantic similarity calculation
method and clinicians’ judgments. A Spearman correlation coefficient closer to
1 indicates that the designed disease semantic similarity is more consistent with

doctors’ cognitive judgments.

The Pearson correlation coefficient [?] is calculated as:

S - X(E-Y)
VEN - 302 ) - 12

Formula (11)

Its value also ranges between [—1,1]. The larger the absolute value of the Pear-
son correlation coefficient, the stronger the correlation. A coefficient closer to
1 or -1 indicates stronger correlation, while a coefficient closer to 0 indicates
weaker correlation. Like the Spearman correlation coefficient, a Pearson correla-
tion coefficient closer to 1 indicates that the designed disease semantic similarity
is more consistent with doctors’ cognitive judgments.
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4.3 Experimental Process and Results

4.3.1 Experimental Process The experiments include two parts: calculat-
ing semantic similarity based on disease ontology and calculating semantic sim-
ilarity based on disease encyclopedia. The ontology-based semantic similarity
is calculated using the path from disease to root node. The encyclopedia-based
semantic similarity requires first calculating the LDA model for overview and
TF-IDF models for etiology, diagnosis, and treatment. The model implementa-
tion process is shown in Figure 3 [Figure 3: see original paper].

The main preprocessing work in the experiments involves collecting disease
entry-related content from the Internet, comprehensively using the content
structure to segment disease entries according to overview, etiology, symptoms,
diagnosis, and treatment sections, and cleaning the content to provide raw ma-
terials for constructing datasets for each section in the next step.

The word segmentation and feature selection process in the experiments first
adds medical-related terms to the medical dictionary and tags their part-of-
speech as “nh”, while also adding a Chinese stopword dictionary. Then, HanLP’s
segmentation tool is used to segment different sections of diseases separately.
Finally, feature words are selected based on part-of-speech, with nouns selected
for overview, etiology, diagnosis, and treatment sections, and medical-related
words with part-of-speech “nh” primarily selected for the symptoms section.

The TF-IDF model implementation process in the experiments uses feature
words from disease etiology, diagnosis, and treatment sections to build respective
corpora, then uses gensim’s TfidfModel module to construct respective TF-IDF
models.

The LDA model implementation process in the experiments uses feature words
from disease overview sections to build a corpus, then uses gensim’s LdaModel to
construct the LDA model. In establishing the LDA model for disease overview,
determining the number of topics is crucial for model application. This pa-
per uses perplexity [?] to determine the number of topics in experiments, with
perplexity values for different topic numbers shown in Figure 4 [Figure 4: see
original paper].

Figure 4 shows that when the number of topics is set to 60 and the number of
iterations is set to 1000, the LDA model’s perplexity is minimized. Therefore,
this paper selects 60 topics and 1000 iterations for the LDA model.

The ontology-based semantic similarity process in the experiments first obtains
the nearest common ancestor node of two concepts, then retrieves the distances
from the three nodes to the root node, and finally calculates similarity using
formula (2). For encyclopedia-based disease semantic similarity calculation,
the LDA-based similarity process first imports the LdaModel, then uses disease
overview segmentation and feature extraction feature words with the LdaModel
to calculate disease topic distribution, and finally uses gensim’s similarities to
calculate similarity. The set-based similarity calculation process computes sim-
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ilarity between feature words from symptom sections of two diseases using for-
mula (4). The vector space-based similarity calculation process first imports
corresponding TF-IDF models, then calculates corresponding sections for dis-
eases, and finally uses gensim’s similarities to calculate similarity.

4.3.2 Results Analysis In calculating comprehensive semantic similarity of
diseases, the weights a and 8 between DO-based disease semantic similarity and
encyclopedia-based disease semantic similarity affect the comprehensive seman-
tic similarity calculation. The experiments designed three different comprehen-
sive semantic similarities: Comprehensive 1, Comprehensive 2, and Comprehen-
sive 3. For Comprehensive 1: a = 0.5, § = 0.5; Comprehensive 2: a = 0.6,
B = 0.4; Comprehensive 3: o = 0.4, 8 = 0.6.

In encyclopedia-based disease semantic similarity calculation, the weights
YisV2> V3, Vas Vs for semantic similarities of overview, etiology, symptoms,
diagnosis, and treatment are involved. Since the overview section provides
a relatively comprehensive expression of diseases, it is assigned a higher
weight.  Etiology, symptoms, diagnosis, and treatment describe different
aspects of disease semantics, and their impact on disease semantic similarity is
considered equal. Therefore, the four weights are the same. In the experiments,
encyclopedia-based disease similarity is defined as “Comprehensive 4”, with
weights set as: v, =04, v = v3 =4 =75 = 0.15.

Using the proposed method, semantic similarity experiments were conducted
on 20 pairs of diseases. The experimental results for ontology similarity, def-
inition similarity, etiology similarity, symptom similarity, diagnosis similarity,
treatment similarity, encyclopedia semantic similarity (Comprehensive 4), and
comprehensive semantic similarity (Comprehensive 1, 2, 3) are shown in Table
1.

In Table 1, Type 2 diabetes and diabetes have the highest semantic similarity.
Since Type 2 diabetes is a type of diabetes, their semantic similarity is high-
est. Type 2 diabetes and diabetic retinopathy belong to metabolic diseases and
anatomical diseases respectively in the ontology, with ontology semantic similar-
ity of 0. However, diabetic retinopathy is actually caused by diabetes, so there is
similarity between them. Similarly, Ebola hemorrhagic fever, viral meningitis,
and viral pneumonia have high similarity in definition description and etiology,
but ontology similarity is 0. Table 1 demonstrates that the multi-dimensional
semantic similarity calculation in this paper can reflect disease semantic simi-
larity.

To analyze the correlation between various similarity measures (ontology sim-
ilarity, definition similarity, etiology similarity, symptom similarity, diagnosis
similarity, treatment similarity, encyclopedia semantic similarity (Comprehen-
sive 4), and comprehensive semantic similarity (Comprehensive 1, 2, 3)) and
manual similarity, Spearman correlation coefficient formula (10) and Pearson
correlation coefficient formula (11) were used. The results are shown in Figure
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5 [Figure 5: see original paper].

In Figure 5, overall, disease comprehensive semantic similarity (Comprehensive
1, 2, 3), ontology similarity, definition similarity, etiology similarity, symptom
similarity, diagnosis similarity, treatment similarity, and encyclopedia semantic
similarity (Comprehensive 4) all have high correlation with manually judged
disease similarity. From the Spearman correlation coefficient perspective, Com-
prehensive 2 has the highest correlation with manual judgment (Spearman cor-
relation coefficient of 0.935), followed by Comprehensive 1 (0.923), then encyclo-
pedia semantic similarity (Comprehensive 4, 0.900), Comprehensive 3 (0.874),
with symptom similarity being the lowest (0.221). From the Pearson correlation
coeflicient perspective, the results are generally consistent with Spearman corre-
lation coefficients: Comprehensive 2 has the highest correlation (0.948), followed
by Comprehensive 1 (0.941), then Comprehensive 3 (0.925), with symptom sim-
ilarity being the lowest (0.471).

Experiments comparing with manually judged disease semantic similarity show
that: (1) Disease semantic similarity calculation combining disease ontology
and encyclopedia outperforms using either disease ontology or encyclopedia
alone; (2) Adjusting weights between ontology-based semantic similarity and
encyclopedia-based semantic similarity can improve comprehensive semantic
similarity results; (3) Encyclopedia-based comprehensive semantic similarity sig-
nificantly outperforms calculating definition, etiology, symptoms, diagnosis, and
treatment similarities separately; (4) The correlation coefficients of Comprehen-
sive 1, 2, and 3 with manual judgment indicate that the weight of DO-based
disease semantic similarity is relatively higher than that of encyclopedia-based
disease semantic similarity. Overall, the proposed multi-dimensional semantic
similarity calculation method meets the requirements of manual disease seman-
tic similarity judgment and demonstrates good effectiveness.

5 Conclusion

This paper designs a multi-dimensional disease semantic similarity calculation
scheme using disease ontology and encyclopedia. For the disease overview sec-
tion in medical encyclopedias, an LDA-based semantic similarity calculation
method is designed; for the disease symptoms section, a set-based semantic sim-
ilarity calculation method is designed; for etiology, diagnosis, and treatment sec-
tions, vector space-based semantic similarity calculation methods are designed.
All similarities are fused together based on expert evaluation and experiments.
The weights between DO-based disease semantic similarity and encyclopedia-
based disease semantic similarity are explored using three different value sets in
experiments, showing that the weight of DO-based disease semantic similarity
is relatively higher than that of encyclopedia-based disease semantic similar-
ity. The proposed method includes both disease concept relationship similarity
and disease semantic description, enabling multi-dimensional measurement of
disease semantic similarity, which demonstrates better effectiveness compared
to single-dimensional semantic similarity. Future work will continue to study
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incorporating medical knowledge into encyclopedia-based semantic similarity to
further optimize and improve disease semantic similarity calculation, and apply
the proposed text similarity method to other research fields.
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