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The ever-increasing availability of Electronic Health Records (EHRs) is the key enabling factor of precision 
medicine, which aims to provide therapies and diagnoses based not only on medical literature, but also on clinical 
experience and individual information of patients (e.g. genomics, lifestyle, health history). The unstructured 
nature of EHRs has posed several challenges on their effective analysis, and heterogeneous graphs are the most 
suitable solution to handle the heterogeneity of information contained in EHRs. However, while EHRs are an 
extremely valuable data source, information from current medical literature has yet to be considered in clinical 
decision support systems. In this work, we build an heterogeneous graph from Italian EHRs provided by the 
Hospital of Naples Federico II, and we define a methodological workflow allowing us to predict the presence of 
a link between patients and diagnosed diseases. We empirically demonstrate that linking concepts to biomedical 
ontologies (e.g. UMLS, DBpedia) — which allow us to extract entities and relationships from medical literature 
— is significantly beneficial to our link-prediction workflow in terms of Area Under the ROC curve (AUC) and 
Mean Reciprocal Rank (MRR).
1. Introduction

The top 10 drugs in the United States, under the best of circum-

stances, are effective on 1 patient out of 4 (1 out of 25 in the worst-case 
scenario) (Schork, 2015). We could report a plethora of similar exam-

ples to highlight the need for innovative ways to provide diagnoses 
and therapies so that they can be tailored according to each individual 
patient, with his lifestyle, genomics, comorbidities, and clinical his-

tory (Abul-Husn & Kenny, 2019, Kraljevic et al., 2021). This is the 
main objective of precision medicine, which has been enabled by the 
ever-increasing availability of digitized medical documents, often in 
the form of Electronic Health Records (EHRs) (Abul-Husn & Kenny, 
2019, Rajkomar et al., 2018). These documents are filled out by nurses 
and physicians in hospital wards and contain details about hospital ad-

missions (e.g. anamneses, diagnoses, treatments, ICU admissions) with 
an unstructured or semi-structured approach (Kormilitzin et al., 2021, 
Negro-Calduch et al., 2021, Gao et al., 2021).
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The lack of a unified approach/framework to compile and handle 
clinical notes, the shortage of medical staff time — which is usually 
implied in much more important activities — inevitably result in two 
major problems (Yoon et al., 2019): (1) the heterogeneity of data com-

ing from different sources (i.e. hospitals, wards or even health profes-

sionals) and (2) the abundance of abbreviations and ortographic errors 
which, along with the peculiarities of biomedical text characterized by 
polysemous words and alternate spellings, make it extremely difficult 
to automatically retrieve information from such documents.

Nowadays, heterogeneous graphs are the most suitable solution to 
the former problem (Liu et al., 2020): information from heterogeneous 
sources can be integrated in a unified data structure consisting of med-

ical entities (e.g. hospital admissions, symptoms, diseases, drugs) and 
their relations represented as nodes and edges, respectively. Not only 
do these data structures enable the possibility to easily and intuitively 
explore EHRs, but they can be also used as the input of many down-

stream tasks, such as community detection (Moscato & Sperlì, 2022), 
drug repurposing (Zhang et al., 2021), question answering (Park et al., 
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2021), and so on. For example, hospital admissions — with information 
about the anamnesis, diagnosis and tested symptoms — can be stored in 
an integrated heterogeneous graph which allows physicians to explore 
the medical history of patients and AI systems to analyze the hidden 
value in all the entities and relationships.

The difficulty in processing the unstructured information of EHRs, 
and thus in retrieving entities and relation from such data, is the main 
hurdle for an effective use of heterogeneous graphs. Xiao et al. (2019)

have shown the importance of integrating knowledge graph data with 
ontologies not only to easily leverage data from heterogeneous data 
sources, but also to enrich data with domain knowledge. In light of 
this, to improve the quality heterogeneous graphs, information from 
EHRs can be enriched with external knowledge from existing medical 
ontologies, such as UMLS (Bodenreider, 2004) and DBpedia (Auer et 
al., 2007a), which allow to add new nodes and new relationships to the 
existing graph based on the existing medical literature.

In this work, we build a knowledge graph of hospital admissions 
in cardiology departments with data provided by the Hospital of Naples 
Federico II. We define a methodological workflow which — by lever-

aging state-of-the-art techniques for entity linking and heterogeneous 
graph embeddings — allows us to predict links between the patient and 
possible diagnosed diseases based on its medical history and relations 
with other patients histories. Above all, we empirically demonstrate the 
beneficial effects of entity linking which, allowing us to semantically 
enrich the information embedded in the heterogeneous graph, guaran-

tees a significant improvement in link prediction performance. Relying 
just on the medical history of the patient and its current symptoms, our 
framework could not only be successfully applied by physicians to ex-

plore possible diagnoses and complications, but also to reduce the load 
of First Aids, which are often swamped by people who do not actu-

ally need first aid — predictions of links to disorders may help patients 
understand whether they are in an emergency state or not. In this per-

spective, to ease the burden of physicians, our approach could be also 
integrated with tools automatically analyzing electrocardiograms (Per-

sia et al., 2021) by integrating their information within the graph data 
structure.

The remainder of this work is structured as follows: in Section 2 we 
provide the theoretical background of this work and concurrently exam-

ine related work; in Section 3 we describe the Italian corpus provided 
by the Hospital of Naples Federico II, while in Section 4 we provide 
an in-depth description of the methodological flow characterizing this 
work. Finally, experimental results are shown in Section 5.

2. Background and related work

In this section we examine related work and provide a theoretical 
background of this paper. In particular, in Section 2.1, an overview of 
heterogeneous graphs, with definitions (Section 2.1.1) and an overview 
of representation learning (Section 2.1.2 and link prediction downstream 
task (Section 2.1.3) is given. An in-depth examination of Entity Link-

ing is reported in Section 2.2. In Section 2.3 an overview of current 
biomedical ontologies is provided, with a focus on those used in this 
paper. Finally in Section 2.4 we discuss about our contribution, high-

lighting the novelties of the proposed approach.

2.1. Heterogeneous graphs

In general, a graph  is defined as a data structure consisting in a 
set of nodes 𝑣 ∈  linked between them with edges 𝑒 ∈  . However, 
biomedical scenarios are plenty of inter-related entities with different 
types (e.g. patients, diseases, treatments, symptoms). Thus, character-

izing nodes with their type may be extremely informative and useful 
for downstream tasks. Graphs with two or more types of nodes and/or 
relationships are called heterogeneous graphs.

Heterogeneous graphs were born with the purpose of incorporating 
2

human knowledge into intelligent systems. This knowledge is repre-
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sented by a graph-based structure whose nodes represent real-world 
entities, while edges define different relationships between those enti-

ties. In particular, in the biomedical field, the biomedical heterogeneous 
graphs play a central role in big data integration. Bringing unstructured 
text into a structured and comparable format is one of the key assets. 
As cause and effect models, heterogeneous graphs can potentially ana-

lyze interactions and relations between patients, diseases, genes, drugs, 
proteins and more, or divide patients into communities, or facilitate 
clinical decision making or help to drive research towards precision 
medicine. The use of graphs in the biomedical domain has been widely 
explored: Ma et al. (2018) and Choi et al. (2017) use external data 
sources and Graph Neural Networks to learn embeddings from them, 
which are then used for downstream tasks (e.g. sequential diagnoses 
prediction, heart failures prediction). Choi et al. (2020) and Choi et al. 
(2018) assume that different kinds of medical codes in several EHRs 
have latent causal relations which can be exploited to perform down-

stream predictions. Despite their proven effectiveness, these methods 
focus on homogeneous graphs without taking into account the hetero-

geneity of the information embedded in EHRs. To fill this gap, Liu et al. 
(2020) propose a Similarity Graph Neural Network (HSGNN) to orga-

nize information of EHRs in multiple homogeneous graphs, which are 
then combined into one graph to make diagnosis predictions. In this 
work, we analyze the effects of exploiting external ontologies to insert 
structural information (e.g. known relations between diseases and treat-

ments) into an existing heterogeneous graph which models EHRs data.

2.1.1. Definitions

Definition 1 (Heterogeneous graph). Formally, a heterogeneous graph 
𝐻 = {𝑉 , 𝐸, 𝑋, 𝑅, 𝜙, 𝜓} is a network with multiple types of nodes and 
links. Particularly, within H, each node 𝑣𝑖 is associated with a node 
type 𝜙(𝑣𝑖), and each link 𝑒𝑖𝑗 ∈𝐸 is associated with a link type 𝜓(𝑒𝑖𝑗 ).

Definition 2 (Meta-path). A meta-path is a path defined on the network 
schema denoted in the form of 𝑜1

𝑙1
←←←←←←←←→ 𝑜2

𝑙2
←←←←←←←←→ ... 

𝑙𝑚
←←←←←←←←←←→ 𝑜𝑚+1 where o and l are 

node types and link types, respectively.

Each meta-path captures the proximity among the nodes on its two 
ends from a particular semantic perspective.

Definition 3 (Heterogeneous graph embedding). For a given heteroge-

neous graph H, a heterogeneous network embedding is a set of mapping 
functions {𝜙𝑘 ∶ 𝑉𝑘 ↦ ℝ∣𝑉𝑘 ∣×𝑑}𝐾

𝑘=1 where K is the number of node types, 
∀𝑣𝑖 ∈ 𝑉𝑘, 𝜙(𝑣𝑖) = 𝑘, 𝑑 ≪∣ 𝑉 ∣. Each mapping 𝜙𝑘 defines the latent repre-

sentation (a.k.a. embedding) of all nodes of type k, which captures the 
network topological information regarding the heterogeneous links in 
E.

2.1.2. Representation learning

Representation Learning is the process that maps structured and un-

structured data to embedding vectors, so as they can be directly exe-

cutable by various downstream machine learning algorithms.

It is possible to categorize the different approaches of HNE existing 
in the literature into 3 different groups, based on their common objec-

tives (Yang et al., 2020):

• Proximity-Preserving Methods (Fu et al., 2017, Zhang et al., 
2022). By preserving different types of proximity among nodes it 
is possible to capture the topological information of the network. 
There are two major categories of proximity-preserving methods 
in HNE: random walk approaches and first/second-order proxim-

ity based ones. Both types of proximity-preserving methods are 
considered as shallow network embedding, due to their essential 

single-layer decomposition of certain affinity matrices.
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Fig. 1. Link prediction example.

• Message-Passing Methods (Schlichtkrull et al., 2018, Hu et al., 
2020). Each node in a network can have an attribute information 
represented as a feature vector 𝑥𝑢. Message-passing methods aim to 
learn node embeddings 𝑒𝑢 based on 𝑥𝑢, by aggregating information 
from u’s neighbors. Graph Neural Networks (GNNs) are widely used 
for the message-passing process. Therefore, unlike proximity based 
HNE methods, message-passing methods are often considered as 
deep network embedding, due to their multiple layers of learnable 
projection functions.

• Relation-Learning Methods (Yang et al., 2015, Dettmers et al., 
2018). Unlike previous methods that modeled the relation among 
edge types via parametric algebraic operations, relation-learning 
methods rely on introducing a triple-based scoring function instead 
of considering meta-paths or meta-graphs. Each edge in a knowl-

edge graph can be seen as a triple (u,l,v) where u,v are two nodes 
of the graph defining an edge, whose type is l. The goal of these 
methods is to learn a scoring function 𝑠𝑙(𝑢, 𝑣) that evaluates each 
triple and returns a scalar to measure the acceptability of each.

2.1.3. Link prediction

Link prediction is the task of predicting the existence of a link be-

tween two nodes in a network. There are several examples of link 
prediction like: predicting friendship links among users in a social net-

work, predicting co-authorship links in a citation network, predicting 
interactions between genes and proteins in a biological network, and, 
as in our case, predict if there is a link between a patient and a disease 
in a biomedical network. Link prediction can also have a inductive as-

pect, where, given a snapshot of the set of links at time 𝑡, the goal is to 
predict the links at time 𝑡 + 1 (see Fig. 1).

Problem definition Given a network 𝐺 = (𝑉 , 𝐸), where 𝑉 represents 
the entity nodes in the network and 𝐸 represents the set of true links 
across entities in the network, we consider the set of entities 𝑉 and 
a subset of true links known as observed links (training set), with the 
goal of predicting true links not considered in observed links, known 
as unobserved links. In the inductive formulation of link prediction, the 
observed links correspond to true links at a time t, and the goal is to 
infer the set of true links at time t+1. Usually, we are also given a 
subset of unobserved links called potential links E’ (test set), and we 
need to identify true links among these potential links.

In the binary classification formulation of the link prediction task, 
the potential links are classified as either true links or false links. Link 
prediction approaches for this setting learn a classifier that maps links in 
E’ to positive and negative labels. In the probability estimation formu-

lation, potential links are associated with existence probabilities. Link 
prediction approaches for this setting learn a model that maps links in 
E’ to a probability.

Approaches Based on the type of information used to predict links, 
3

approaches can be categorized as:
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• Topology-based methods (Behrouzi et al., 2020). Nodes with similar 
network structure are more likely to form a link. In this regard, dif-

ferent methods can be used to calculate the similarity between two 
nodes based on their common neighbors, as: Common neighbors, 
Jaccard measure, Adamic–Adar measure, Katz measure.

• Content-based approaches (Gao et al., 2011). These approaches pre-

dict the existence of a link based on the similarity of the node 
attributes, calculated with cosine similarity on euclidean distance.

• Mixed methods (Zhang et al., 2020). They combine attribute and 
topology based methods. One of the most used mixed methods is 
graph embeddings, which learn an embedding space in which neigh-

boring nodes are represented by vectors so that vector similarity 
measures, such as dot product similarity, or euclidean distance, 
hold in the embedding space. These similarities are functions of 
both topological features and attribute-based similarity. One can 
then use other machine learning techniques (e.g., SVM) to predict 
edges on the basis of vector similarity.

2.2. Entity linking

Entity Linking (EL) consists in mapping named entity mentions to 
their corresponding concepts in a knowledge base. Named entity men-

tions are token sequences in text which refer to an entity type of interest 
(e.g. person, disease, location). The general architecture to solve this 
task consists of 3 different steps (Shen et al., 2015):

• Generation of candidate entities. (Shen et al., 2013, Deorowicz & 
Ciura, 2005, Zhang et al., 2010) For each named entity mention 
𝑚, the EL system filters out irrelevant entities in the knowledge 
base and returns a subset of candidate entities which 𝑚 may refer 
to.

• Candidate ranking. (Cucerzan, 2007, Chen et al., 2010, Shen et al., 
2012, Chen & Ji, 2011) Candidate entities are ranked based on su-

pervised or unsupervised methods to retrieve the most appropriate 
candidates to be linked to the named entity mention.

• Unlinkable mentions prediction. In some cases, named entity men-

tions cannot be linked with any of the concepts in the knowledge 
base.

In the last few years, several approaches have been proposed to im-

prove the overall performance by jointly performing both the named 
entity recognition and disambiguation tasks (end-to-end entity linking) 
(Broscheit, 2019, Wiatrak & Iso-Sipila, 2020).

Another effective approach to entity linking consists in leveraging 
domain knowledge: for example, in the biomedical field, knowledge 
bases and thesauri with biomedical concepts which may be linked to 
named entities exist (see Section 2.3). Bhowmik et al. (2021) follow the 
classic “retrieve and rerank” paradigm to solve the entity linking task us-

ing an architecture based on Bi-Encoder that uses the information on 
the context of the mention to link it to the most similar candidate en-

tity in the considered knowledge base. Zhu et al. (2020) and Onoe and 
Durrett (2020) add further information to improve the performance ob-

tained, that is, the prediction of the type associated with each candidate 
entity and each mention, based on the idea that knowing the types of 
entities simplifies disambiguation.

Since it is not always possible to rely on rich information about a 
specific domain (i.e. annotated data, large knowledge bases), domain-

independent approaches based on distant learning for the annotation of 
unlabeled data (Le & Titov, 2019) and zero-shot approaches to train the 
model on one domain and predict on other different domains (Wu et 
al., 2020, Yao et al., 2020) have become widespread.

Finally, in recent years, an attempt has been made to improve the 
vector representations obtained for each entity in the knowledge base 
considered by exploiting, not only information based on unstructured 
text, but also information based on graph embeddings, exploiting the 

relationships between the different entities in the basis of knowledge in 
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Table 1

Comparison with related work.

Ref. Year Nodes Task Method Ontology

Yang and Yang (2015) 2015 user, drug, disease, adverse drug reaction 
(ADR)

drug-drug interaction logistic regression ×

Chen et al. (2016) 2016 record, physical test, mental assessment, 
profile

risk prediction optimization ×

Yang and Yang (2016) 2016 user, drug, disease, ADR drug-drug interaction decision tree, k-NN, 
MLP, SVM, RBF

×

Zhao and Yang (2016) 2016 drug, disease, ADR drug repositioning path mining ×
Pham et al. (2018) 2018 kidney conditions, hepatitis, diabetes, 

blood pressure and cholesterol, heart 
disease, respiratory disease, profile and 
others

risk prediction optimization ×

Sun et al. (2019) 2019 patient, diagnosis disease progression mining community detection, 
rule mining

×

Wanyan et al. (2020) 2020 patient, lab, diagnosis disease prediction heterogeneous graph 
embeddings

×

Liu et al. (2020) 2020 patient, visit, diagnosis, medication disease prediction heterogeneous graph 
embeddings

×

Wang et al. (2021) 2021 patient, symptom, disease disease prediction heterogeneous graph 
embeddings

×

Wanyan et al. (2021) 2021 patient, lab, diagnosis mortality prediction heterogeneous graph 
embeddings

×

Ours 2022 patient, disease, symptom, drug disease prediction heterogeneous graph 
embeddings

✓

order to collectively disambiguate different mentions within the same 
document (Bhowmik et al., 2021, Parravicini et al., 2019).

2.3. Biomedical knowledge bases

To solve the entity linking problem, it is necessary to consider as in-

put not only the mentions, but also a knowledge base that allows to link 
each mention to the corresponding entity in the considered knowledge 
base. The idea behind biomedical entity linking is that known relations 
between medical concepts may help in prediction downstream tasks. 
The vast amount of publicly available biomedical databases provide 
a rich resource for factual knowledge to be added in heterogeneous 
graphs. For example, the National Center for Biomedical Ontology 
(NCBO) BioPortal1 adds about 75 new ontologies each year. In this 
work, we will consider two different knowledge bases, known as:

• MeSH.2 The Medical Subject Headings (MeSH) thesaurus is a con-

trolled and hierarchically-organized vocabulary produced by the 
National Library of Medicine. It is used for indexing, cataloging, 
and searching of biomedical and health-related information. MeSH 
includes the subject headings appearing in MEDLINE/PubMed, the 
NLM Catalog, and other NLM databases.

• DBpedia (Auer et al., 2007b). The DBpedia community project 
extracts structured and multilingual knowledge from Wikipedia, 
then makes it freely available on the Web using Semantic Web 
and Linked Data technologies. The project extracts knowledge from 
111 different language editions of Wikipedia. The largest DBpe-

dia knowledge base which is extracted from the English edition 
of Wikipedia consists of over 400 million facts that describe 3.7 
million things. The DBpedia knowledge bases that are extracted 
from the other 110 Wikipedia editions together consist of 1.46 bil-

lion facts and describe 10 million additional things. The DBpedia 
project maps Wikipedia infoboxes from 27 different language edi-

tions to a single shared ontology consisting of 320 classes and 1,650 
properties.

1 https://bioportal .bioontology .org.
4

2 http://www .nlm .nih .gov /mesh/.
2.4. Our contribution

In our work, after building a biomedical heterogeneous knowledge 
graph, we see how the entity linking task can improve the previously 
created knowledge graph by normalizing the entities within it, with 
entities present in the DBPedia knowledge base and adding from the 
latter further information. In this way, after calculating the node em-

beddings, it will be possible to obtain better performances for the task of 
link prediction and well-distributed patient communities through clus-

ter analysis.

Unlike the approach used in Parravicini et al. (2019), who used a 
technique based on Deep Walk (Perozzi et al., 2014) to obtain vector 
representations of each vertex of the knowledge graph, in our work 
state-of-the-art heterogeneous network representation learning tech-

niques were used (Message-passing methods, Relation-learning methods 
formalized in Chapter 1).

Inspired by the recent approaches used to improve the performance 
for the entity linking task through graph embeddings (Parravicini et 
al., 2019), the reverse process was carried out: an entity linking model 
based on Dual Encoder and Cross Encoder (Wu et al., 2020) was used to 
improve the quality of a heterogeneous knowledge graph, normalizing 
the entities inside it with the entities present in DBpedia and adding 
further information extracted from the normalized entities.

Table 1 summarizes existing approaches applying heterogeneous 
graph analysis to healthcare. We can observe that heterogeneous graphs 
have been used for many downstream tasks: drug-drug interaction pre-

diction is a significant health safety challenge due to the wide presence 
of adverse drug reactions, which should be preventively detected; drug 
repositioning aims to identify known drugs which could be applied for 
new indications; health risk prediction aims to identify patients at risk 
based on their current and past EHRs, where the risk is intended as an 
unwanted outcome, such as mortality or morbidity; disease prediction

identifies possible diagnoses for a patient based on his EHR or medical 
history (a.k.a. disease progression mining). In our work, we will focus 
on disease prediction, which will be handled as a link prediction task, i.e. 
we will identify links between Patient and Disease nodes based on their 
EHRs. As in recent works, we analyze the heterogeneous graph structure 
by means of heterogeneous graph embeddings, and compare perfor-

mance obtained with different state-of-the-art methods. To the best 
of our knowledge, entities and relations obtained by integrating EHR-

based heterogeneous graphs to existing biomedical knowledge bases 

have been never investigated, despite having a high-potential value 

https://bioportal.bioontology.org
http://www.nlm.nih.gov/mesh/


D. D’Auria, V. Moscato, M. Postiglione et al.

Table 2

Dataset characterization.

Statistic Value

Number of admissions 404

Number of patients 239

Admissions date range from 2012-02-28 to 2021-01-20

Admissions per patient (mean, std) 1.690, 1.646

Maximum number of admissions 11

Top 5 diseases with number of occurrences (Hypertensive disorder, 291), 
(Atrial fibrillation, 151),

(Coronary artery disorder, 121), 
(Dyslipoproteinemias, 110), 
(Diabetes mellitus type 1, 101)

thanks to the public medical knowledge about entities they provide. To 
fill this gap, we build two different heterogeneous graphs (before and 
after the entity linking based enrichment) and study the performance 
of link prediction models based on heterogeneous graph embeddings. 
In our experiments, we confirm the added value of ontologies to EHR-

based heterogeneous graphs, which allow us to obtain significant and 
consistent performance improvements with all the embedding methods 
experimented.

3. Material

In this work we used a corpus of clinical records, which we will refer 
to with the name Wincare, whose characterization has shown in Table 2, 
regarding hospital admissions in cardiology departments provided by 
Hospital of Naples Federico II.

A team of students in biomedical engineering annotated a total of 
1000 disease mentions linked to unique concepts obtained from the-

sauri, such as DBpedia and Medical Subject Heading (MeSH). For the 
labeling necessary for the entity linking task, it was sufficient to assign 
an alphanumeric label corresponding to a MeshID code to each mention 
labeled as Disease. The corpus characteristics are the following: 700 dis-

ease mentions in the training set, 150 in the development set and 150 
in the test set.

Starting from the dataset labeled for the Name Entity Recognition 
task, in which each token was associated with a label between: B-

Disease, I-Disease, B-Symptom, I-Symptom, B-Drug, I-Drug, O. Then 
each token was associated with a further label representative of the 
specific biomedical entity, represented by the considered token. These 
labels were obtained through external knowledge bases such as DB-

pedia (Auer et al., 2007a) and MeSH (Lipscomb, 2000) (Medical Sub-

ject Headings), by extracting the corresponding Mesh ID code for each 
biomedical entity. In particular, through the appropriate search engines 
of DBpedia and MeSH, called respectively OpenLink Virtuoso and MeSH 
Browser, it is possible to search, for each token of the dataset provided, 
the corresponding entity in the knowledge base and extract from the 
latter the mesh ID code to be used as the token label. In this way, it was 
possible to label 1000 different entity mentions that could be used for 
the fine-tuning of entity linking models, based on transformers such as 
BERT. Specifically, 85.8% of these 1000 total mentions have the corre-

sponding biomedical entity in the DBpedia knowledge base, while only 
the remaining 14.2% do not. For this 14.2% the label corresponding to 
each entity mention was extracted from the MeSH knowledge base.

For the sake of completeness, we report in Table 3 statistics of our 
heterogeneous graph resulting from the methodological workflow.

4. Methods

The main purpose of our study concerns the analysis of entity link-

ing approaches on Italian clinical notes, with the aim to improve the 
link prediction task through graph embeddings strategy. In particular, 
we extract information from medical records of patients treated in Ital-
5

ian hospitals for building and improving biomedical knowledge graphs. 
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Table 3

Graph characterization.

Statistic Value

Total number of nodes 1764

Total number of edges 3351

Number of disease nodes 204

Number of anamnesis disease nodes 668

Number of diagnosis disease nodes 455

Number of symptom nodes 143

Number of patient nodes 239

Mean number of diseases for patient 4.71

Mean number of symptoms for patient 2.29

Starting from the constructed knowledge graph, state-of-the-art tech-

niques of heterogeneous graph representation learning have been used 
to represent each node of the graph in a low-dimensional space, thus 
neighboring nodes in the graph have similar vector representations (ho-

mophily). These representations have been then used to visually analyze 
the results obtained through dimensionality reduction techniques (PCA 
and t-SNE) and to deal with the link prediction task.

The overall methodological workflow is summarized in Fig. 2. First, 
we pre-process the available dataset so as to collect the information of 
interest from the original dataset. Clinical notes concerning the anam-

neses, tested symptoms and diagnoses of hospital admissions are thus 
retrieved and organized with a graph data structure. A NER step is per-

formed so as to connect these unstructured notes to medical concepts, 
i.e. diseases, symptoms and drugs. Then, an Entity Linking step is per-

formed not only to disambiguate entity mentions but also to retrieve 
new relations between medical concepts. By computing heterogeneous 
graph embeddings, we can eventually perform link prediction to predict 
the links from diagnoses to disorders, thus allowing us to help physi-

cians in the identification of possible medical problems.

We will now deeply describe each step in the methodology and we 
will provide a running example alongside to facilitate understanding.

Running Example 1. Let us consider a patient with the following anam-

nesis clinical note:

“Ex fumatore, iperteso, displidemico, nega familiarità. IMA nel 
2006. PCi primaria su IVA e successiva PCI su Cx. Nega angor, 
riferisce dispnea da sforzi non abituali”

Starting from this unstructured text comment, our aim is to extract med-

ical concepts and predict associated disorders.

4.1. Preprocessing

In our dataset, each patient can make one or more visits, that are 
associated with a single medical history (anamnesis), a single diagnosis 
and a single information on the symptoms tested by the doctor. In turn, 
each medical history can have zero or more symptoms, diseases and 
drugs, while each diagnosis can only have information on drugs to be 
taken after the visit and diseases diagnosed.

Starting from the raw data provided, it was necessary to analyze 
this data to extract the information we needed to build the knowledge 
graph. In particular, for each patient the following information was ob-

tained:

• Visits: numeric identification code, date and time.

• Anamnesis: the collection and critical study of the symptoms and 
facts of medical interest reported by the patient or his family. This 
investigation is carried out with the aim of enriching picture of 
information useful for a correct diagnosis of current morbid state.

• Diagnosis: the identification of the disease, affection or injury, of 

its location and its nature. Identification is achieved through the 
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Fig. 2. Overall methodological workflow in our analysis.
evaluation of the various symptoms presented by the patient, based 
on analog reasoning.

• Symptoms tested by doctors.

• Symptoms and Disease in the Anamnesis phase.

• Diagnosed diseases.

• Drugs taken before and after the visit.

4.2. Named entity recognition

The information on Symptoms and Diseases are extracted from the 
textual fields relating to the anamnesis and diagnosis present in the 
medical records, provided through a previous phase of labeling ac-

cording to the IOB2 (Inside – outside – beginning) format (Ramshaw 
& Marcus, 1999), which is a common tagging format for tagging tokens 
in a chunking task in computational linguistics. The I- prefix before a 
tag indicates that the tag is inside a chunk (in our case I-Disease or I-
Symptom). An O tag indicates that a token belongs to no chunk. The 
B- prefix before a tag indicates that the tag is the beginning of a chunk 
(in our case B-Disease or I-Disease). After splitting the text into tokens, 
for each token contained in the text relating to the anamnesis field and 
the diagnosis field, a label is assigned between: B-Disease, I-Disease, 
B-Symptom, I-Symptom, B-Drug, I-Drug, O.

Running Example 1 (continuing from p. 5). The NER step allows us 
6

to individuate and extract medical concepts from the clinical note. 
We show retrieved concepts from clinical note under analysis, where 
disease and symptom concepts are highlighted:

“Ex fumatore, iperteso , displidemico , nega familiarità. IMA nel 
2006. PCi primaria su IVA e successiva PCI su Cx. Nega angor, 
riferisce dispnea da sforzi non abituali”

4.3. Entity linking

In general, an entity linking model needs two different inputs: the 
examples to be trained, validated and tested on (dataset), and an exter-

nal knowledge base to link each example to the corresponding entity 
in the knowledge base itself. In particular, the information on the men-

tions and their contexts are extracted from the dataset, while informa-

tion on the entities (i.e., title and description of each entity) is inferred 
from the knowledge base used.

We used BLINK (Wu et al., 2020) for entity linking due to its proven 
effectiveness in few-shot scenarios, where we do not have the availabil-

ity of big training sets, as in our case. In particular, to link each mention 
to the corresponding entity in the considered knowledge base we used 
the union of two different models:

• Dual-Encoder model. It uses two independent BERT transformers 
model to encode context/mention and entity into dense vectors, 

and each entity candidate is scored as the dot product of these 
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vectors. Candidates retrieved by the dual-encoder are then passed 
to cross-encoder for ranking.

• Cross-Encoder model. It encodes context/mention and entity in 
one transformer, and applies an additional linear layer to compute 
the final score for each pair. The input is concatenation of the in-

put context, mention representation and entity representation. This 
allows the model to have deep cross attention between the context 
and entity descriptions.

One of the main advantages of this entity linking model is the ability 
to correctly predict, in the test phase, even mentions never seen in the 
training phase, exploiting the information on the title and description 
of the candidate entities.

4.3.1. Entity normalization

In this phase, the results obtained from the entity linking model are 
used to normalize the entities of Disease type, contained in the previ-

ously created knowledge graph. In particular, the model will predict 
for each mention within the dataset, the corresponding correct entity 
within the knowledge base. After storing this information in a file, it is 
possible to create a script that executes several cypher queries on the 
graph in order to modify the disease type nodes (corresponding to the 
mentions of our dataset) with new disease type nodes, corresponding to 
the predicted entities belonging to the DBpedia knowledge base.

4.3.2. Enriching the information stored in the knowledge graph via DBpedia

After the entity normalization step, we will have a set of Disease type 
nodes within the graph that corresponds to the entities stored in the 
DBpedia knowledge base, used to normalize the entity mentions present 
in the Wincare dataset. As a result, once these DBpedia entities were 
obtained, it was possible to enrich the knowledge graph by extracting 
additional information for each entity from DBpedia. In particular, the 
information extracted from DBpedia are:

• Field: the branch of medicine which a specific disease belongs to 
(e.g. cardiology, pulmonology, oncology, etc.);

• Complications: an unfavorable evolution or consequence of a dis-

ease. Complications generally involve a worsening in severity of 
disease or the development of new signs, symptoms, or patholog-

ical changes which may become widespread throughout the body 
and affect other organ systems. Thus, complications may lead to 
the development of new diseases resulting from a previously ex-

isting disease. Complications may also arise as a result of various 
treatments.

• Treatment: the attempted cure of a health problem, usually follow-

ing a medical diagnosis. As a rule, each therapy has indications and 
contraindications. There are many different types of therapy. Not 
all therapies are effective. Many therapies can produce unwanted 
adverse effects.

In this way, it is possible to derive further relationships between the 
different diseases diagnosed for each patient. For example, two differ-

ent diseases can be related to each other if they belong to the same 
branch of medicine (e.g., “sharing” “Fibrillazione atriale” and “Iperten-

sione arteriosa” both belong to the branch known as Cardiology).

Running Example 1 (continuing from p. 6). Linked concepts for each 
entity in the clinical note under analysis are shown as follows:

• iperteso → Hypertension

(https://dbpedia .org /page /Hypertension)

• displidemico → Dysplidemia

(https://dbpedia .org /page /Dyslipidemia)

• IMA → Myocardial Infarction
7

(https://dbpedia .org /page /Myocardial _infarction)
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• dispnea → Shortness of breath

(https://dbpedia .org /page /Shortness _of _breath)

Furthermore, relations between these medical concepts and with other 
concepts in the ontology are extracted. For example, “hypertension” can 
be associated to the concept “Coronary artery disease” by the relation 
“complication”.

4.4. Heterogeneous graph embeddings

In this section, we provide an overview of the state-of-the-art tech-

niques for heterogeneous graph embedding used in this work. The goal 
of this step is to use these heterogeneous graph embedding techniques 
to obtain vector representations of each node of the linked knowledge 
graph previously obtained. In this regard, 4 different state-of-the-art 
techniques will be used to obtain node embeddings. Subsequently, they 
will be compared both through visual analysis and through qualitative 
analysis evaluating their performance on the link prediction task, thus 
finding, in our case, the best state-of-the-art technique to obtain graph 
embeddings.

4.4.1. HIN2Vec (proximity-preserving method)

HIN2Vec (Fu et al., 2017) is a neural network model designed to 
capture the rich semantics embedded in heterogeneous information 
networks (HINs) by exploiting different types of relationships among 
nodes. The idea of HIN2Vec is to learn node vectors jointly learning 
a model for multiple prediction tasks, one for each meta-path. Hence, 
the goal of the model will be to predict a set of target relationships 
(specified by meta-paths and the number of hops) between each pair of 
input nodes. The model used is a single-hidden-layer feedforward neu-

ral network that takes a pair of nodes 𝑥, 𝑦 ∈ 𝑉 as the input to predict 
the probabilities 𝑃 (𝑟𝑖|𝑥, 𝑦) (𝑖 = 1..|𝑅|) of relationships between x and y 
in the target relationship set R as the output.

In summary, this conceptual model can be seen as a multi-label 
classifier, and the three matrices, 𝑊𝑋, 𝑊𝑌 and 𝑊𝑅, collect the fea-

ture vectors of input node pairs and their relationships. This conceptual 
model faces excessive overhead in both training data preparation and 
model learning processes, for this reason the authors of HIN2Vec pro-

posed a better design.

4.4.2. R-GCN (message-passing method)

R-GCN (Schlichtkrull et al., 2018) is an extension of GCNs (Graph 
Convolutional Networks) which introduces relation-specific transforma-

tions (i.e. which depends on the type and direction of the edge) and has 
K convolutional layers.

Recall that in GCN, the hidden representation for each node i at 
(𝑙 + 1)𝑡ℎ layer is computed by:

ℎ𝑙+1
𝑖

= 𝜎

( ∑
𝑗∈𝑁𝑖

1
𝑐𝑖
𝑊 (𝑙)ℎ(𝑙)

𝑗

)
(1)

where 𝑐𝑖 is a normalization constant, 𝑁𝑖 is the set of neighbor indices 
of node i.

The key difference between R-GCN and GCN is that in R-GCN, edges 
can represent different relations. In GCN, weight 𝑊 (𝑙) in equation (1.1) 
is shared by all edges in layer l. In contrast, in R-GCN, different edge 
types use different weights and only edges of the same relation type 
r are associated with the same projection weight 𝑊 (𝑙)

𝑟 . So the hidden 
representation of entities in (𝑙 + 1)𝑡ℎ layer in R-GCN can be formulated 
as the following equation:

ℎ𝑙+1
𝑖

= 𝜎

(
𝑊 𝑙

0ℎ
𝑙
𝑖
+
∑
𝑟∈𝑅

∑
𝑗∈𝑁𝑟

𝑖

1
𝑐𝑖,𝑟
𝑊 (𝑙)
𝑟
ℎ
(𝑙)
𝑗

)
(2)

where 𝑁𝑟
𝑖

denotes the set of neighbor indices of node i under relation 

r ∈ R and 𝑐𝑖,𝑟 is a normalization constant. The problem of applying the 

https://dbpedia.org/page/Hypertension
https://dbpedia.org/page/Dyslipidemia
https://dbpedia.org/page/Myocardial_infarction
https://dbpedia.org/page/Shortness_of_breath
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Fig. 3. Example of link prediction given an input query.
above equation directly is the rapid growth of the number of param-

eters, especially with highly multi-relational data. In order to reduce 
model parameter size and prevent overfitting, the authors of the paper 
propose to use basis decomposition.

𝑊 (𝑙)
𝑟

=
𝐵∑
𝑏=1
𝑎
(𝑙)
𝑟𝑏
𝑉

(𝑙)
𝑏

(3)

Therefore, the weight 𝑊 (𝑙)
𝑟 is a linear combination of basis transfor-

mation 𝑉 (𝑙)
𝑏

with coefficients 𝑎(𝑙)
𝑟𝑏

. The number of bases B is much smaller 
than the number of relations in the knowledge base. Finally, the node 
embedding of node i is the output of the K-th layer ℎ(𝐾)

𝑖
.

4.4.3. DistMult (relation-learning method)

Given a triplet (subject entity (alias head), relation and object entity 
(alias tail)), DistMult (Yang et al., 2015) uses a diagonal matrix only, in-

stead of using multiple matrics (as approaches such as RESCAL (Nickel 
& Tresp, 2011)), to represent the relations among entities. The similar-

ity based scoring function 𝑠𝑙(𝑢, 𝑣) is defined using a bilinear function:

𝑠𝑙(𝑢, 𝑣) = 𝑒𝑇𝑢 𝐴𝑙𝑒𝑣 (4)

where 𝐴𝑙 = 𝑑𝑖𝑎𝑔(𝑒𝑙1, ..., 𝑒𝑙𝑑 ) is the diagonal matrix, while 𝑒𝑢 and 𝑒𝑣 are 
node embeddings of u and v.

A great advantage of this approach, compared to previous ap-

proaches such as RESCAL (Nickel & Tresp, 2011), is the number of 
parameters used in the training phase, which is significantly lower.

4.4.4. ConvE (relation-learning method)

ConvE (Dettmers et al., 2018) goes beyond simple distance or sim-

ilarity functions and proposes deep neural models to score a triplet. 
In ConvE the interactions between input entities and relationships are 
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modeled by convolutional and fully-connected layers. The main charac-
teristic of this model is that the score is defined by a convolution over 
2D shaped embeddings. Formally:

𝑠𝑙(𝑢, 𝑣) = 𝜎(𝑣𝑒𝑐(𝜎([𝐸𝑢;𝐸𝑟] ∗𝑤))𝑊 )𝑒𝑣 (5)

where 𝐸𝑢 and 𝐸𝑟 denote the 2D reshaping matrices of node embedding 
and relation embedding, respectively; 𝑣𝑒𝑐 is the vectorization operator 
that maps a m by n matrix to a mn-dimensional vector; “∗” is the con-

volution operator.

4.5. Link prediction

Following the approach from Yang et al. (2020), we use the 
Hadamard function to construct feature vectors for node pairs, train a 
two-class LinearSVC on the 80% training links and evaluate towards the 
20% held out links. We repeat the process for standard five-fold cross 
validation and compute the average scores regarding AUC (area under 
the ROC curve) and MRR (mean reciprocal rank). AUC is a standard 
measure for binary classification problems, while MRR is a standard 
measure for ranking (link prediction can be considered as a link re-

trieval problem).

Running Example 1 (continuing from p. 7). By leveraging the hetero-

geneous graph built in the previous steps and the embeddings obtained 
with state-of-the-art methods, we are able to perform link prediction 
between diagnoses and disorders. An example for the patient under 
analysis is shown in Fig. 3. Given the concepts extracted from the clin-

ical note and their connections to the rest of the heterogeneous graph, 
the link prediction framework picks “Coronary artery disease” as the 
most likely disorder to be diagnosed. This is supported not only by the 
similarities to other patients, but also by the complication link between 

hypertension and the diagnosed disorder.
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5. Experiments

In this section, we discuss the obtained results in each step of the 
designed methodology. In particular:

• Datasets, knowledge bases, metrics and training parameters used 
for the entity linking step will be described.

• Comparison between obtained results, paying attention to the dif-

ference between before and after.

• Discussions analyzing the results, about the advantages that each 
step entails.

5.1. Experimental protocol

In our case study, we evaluate the performance of an entity linking 
model on 3 different biomedical datasets (2 English and 1 Italian) and 
on 2 different external knowledge bases (DBpedia and MeSH). Among 
all the results, we focus on carrying out the normalization of the entities 
in the graph, and the subsequent enrichment. Those are obtained by 
considering the Wincare dataset and the DBpedia external knowledge 
base in Italian as the input of the entity linking model.

All the experiments were carried out through Google Colaboratory,3

a platform-as-a-service that provides a virtual machine equipped by the 
TESLA T4 GPU with 16 GB of RAM. The entire used code is available at 
the following link, https://colab .research .google .com/.

5.2. Dataset

Three different biomedical datasets were used for biomedical en-

tity linking task. In particular, we will first describe the two existing 
biomedical datasets known as NCBI-Disease (Doğan et al., 2014) and 
BC5CDR (Li et al., 2016). Then we describe the biomedical dataset 
specifically created for the biomedical entity linking task on Italian 
data, called Wincare. The two existing datasets share the same format, 
known as PubTator format: a representative index of the document, 
textual content of the document, a set of entity mentions that appear 
in the document with the corresponding initial and final offsets, and an 
alphanumeric label (Mesh ID code).

1. NCBI-Disease is a corpus belonging to the biomedical domain an-

notated starting from textual data present in 793 PubMed abstracts, 
for a total of 6,892 disease mentions linked to 790 unique disease 
concepts obtained from thesauri such as: Medical Subject Headings 
(MeSH) and Online Mendelian Inheritance in Man (OMIM). The 
corpus was developed by a team of 12 annotators (two people per 
annotation) and covers all sentences in a PubMed abstract. Disease 
mentions are categorized into Specific Disease, Disease Class, Com-

posite Mention and Modifier categories. The corpus characteristics 
are the following: 5148 disease mentions in the training set, 791 in 
the development set and 961 in the test set.

2. BC5CDR is a corpus that consists of 1500 PubMed articles with 
4409 annotated chemicals, 5818 diseases and 3116 chemical-

disease interactions. Each entity annotation includes both the men-

tion text spans and normalized concept identifiers, using MeSH as 
the controlled vocabulary. To ensure accuracy, the entities were 
first captured independently by two annotators followed by a con-

sensus annotation. The corpus characteristics are the following: 
9385 between disease and chemical mentions in the training set, 
9591 in the development set and 9807 in the test set.

3. Wincare is a corpus belonging to the biomedical domain provided 
by the Hospital of Naples Federico II annotated starting from clinical 
records provided by the Italian hospital, for a total of 1000 disease 
mentions linked to unique concepts obtained from thesauri such as: 
9

3 https://colab .research .google .com
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DBpedia and Medical Subject Heading (MeSH). This dataset was 
not built from scratch, but was already labeled for the Name En-

tity Recognition (NER) task by identifying each token as Disease, 
Symptom, or neither (O). For the labeling necessary for the entity 
linking task, it was sufficient to assign an alphanumeric label cor-

responding to a MeshID code to each mention labeled as Disease. 
The corpus characteristics are the following: 700 disease mentions 
in the training set, 150 in the development set and 150 in the test 
set.

5.3. Dataset and knowledge base preprocessing

Given the Pubtator format, for the fine-tuning of the entity linking 
model shown in Section 4.3, the input dataset must be transformed into 
a suitable format. Specifically, the information that the model needs to 
be trained are:

• Context left: tokens that appear on the left of the term considered 
as entity mention.

• Context right: tokens that appear on the right of the term considered 
as entity mention.

• Mention: the token(s) corresponding to the entity mention.

• Label: description of the mapping entity.

• Label ID: numerical identifier of the mapping entity considered for 
that entity mention.

• Label title: title of the mapping entity (of the external knowledge 
base) for that entity mention considered.

To extract the information on each mention and the corresponding 
context, a first preprocessing step was necessary in order to subse-

quently obtain the information on mention, context, and label.

For the entities extracted from the two considered external knowl-

edge bases (DBpedia and MeSH), starting from the JSON file produced 
as a result of the sparql queries, a pre-processing step is carried out to 
obtain a numeric identifier for each entity in the knowledge base. In 
particular, four different json files are produced:

• idx to cui; associates the corresponding mesh ID code to each iden-

tifier;

• cui to idx; associates the corresponding identifier to each meshID 
code;

• cui to cano; associates the corresponding entity title to each meshID 
code;

• cui to def ; associates the corresponding description of the entity to 
each meshID code.

In this way, it is possible to exploit both the information obtained 
through pre-processing of the dataset, and from the external knowledge 
base, retrieved through a sparql query. We show all the information 
needed to train the entity linking model as follows:

{ " c o n t e x t _ l e f t " : " Ketoconazole induced " ,

" c o n t e x t _ r i g h t " : " Without concomitant use of QT

in t e rva l −prolonging drug . "

" mention " : " to r sades de poin te s " ,

" l abe l " : "A malignant form of polymorphic

v e n t r i cu l a r tachycardia tha t i s charac te r i zed by

HEART RATE between 200 and 250 beats per minute ,

and QRS complexes with changing amplitude "

" l a b e l _ i d : " "26039" ,

" l a b e l _ t i t l e " : " Torsades de Pointes "}

5.4. Training parameters

For the entity normalization and linking step, the considered entity 

linking model is made up of two different components. For this rea-

https://colab.research.google.com/
https://colab.research.google.com
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Fig. 4. Comparison of Dual-encoder results with (orange) and without (blue) contextual information.

Fig. 5. Comparison between DBpedia and MeSH for the Candidate Generation step (Dual-Encoder).
son, we separately describe the training parameters used for the two 
components:

• Dual-Encoder parameters; the hyperparameter configuration for 
best model is: learning rate=2e-5, train batch size=16, max se-

quence length=256 (max context length=128, max candidate 
length=128), epochs=5, warmup proportion=0.1, gradient accu-

mulation steps=1.

• Cross-Encoder parameters; the hyperparameter configuration for 
best model is: learning rate=1e-5, train batch size=2, max se-

quence length=256 (max context length=128, max candidate 
length=128), epochs=2.

For the heterogeneous graph representation learning, four different 
state of the art techniques were trained:

• HIN2Vec: parameters settings in HIN2Vec affect the node represen-

tation learning and the application performance (link prediction). 
In particular, the first parameter is the embedding dimension. Gen-

erally speaking, a small size is not sufficient to capture the infor-

mation embedded in relationships between nodes, but a large size 
may lead to noises and cause overfitting. For this reason, a good 
value is size=50. The performance does not change much when 
the number of negative sampling per positive sample “negative” is 
set at between 3 to 7. Thus, setting “negative” to 5 is a good choice. 
The initial learning rate is set to alpha=0.025, the length of each 
random walk is set to 100, the number of random walks starting 
for each node is set to 10.

• R-GCN: the embedding dimension is set to size=50, the number 
of negative sample is set to 5, the initial learning rate is set to 
lr=0.01, dropout=0.2, regularization weight=0.01, to avoid the 
explosion of the gradient the grad clipping parameter is set to 1.0, 
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the number of epochs is set to 1000.
• DistMult: training was implemented using mini-batch stochastic 
gradient descent with AdaGrad. The embedding dimension of each 
entity vector is set to size=50, the batch size is set to 128 and the 
number of training epochs T=300. The learning rate was initially 
set to 0.003 and then adapted during training by AdaGrad (learn-

ing rate decay=0.0995).

• ConvE: the embedding dimension is set to size=50, the number 
of epochs is set to 300, with learning rate lr=0.002, learning rate 
decay=0.0995 and batch size=128.

6. Results

6.1. Candidate entity generation

6.1.1. Effects of contextual information

The first step for solving the entity linking task consists in the gen-

eration of the candidate entities for each entity mention, through the 
previously defined Dual-Encoder. In Fig. 4 it is possible to compare the 
results obtained by two different Dual-Encoders that take as input two 
different representations: the first does not consider context of the men-

tion and description of the candidate entities, whereas the second does 
it.

Through the obtained results, it is possible to note how the contex-

tual information both for the mention and for the candidate entities 
significantly improves the performance of the Dual-Encoder, especially 
for the Italian dataset “Wincare”.

6.1.2. Effects of DBpedia and MeSH knowledge bases

Afterwards, we compare two different external knowledge bases: 
DBpedia and MeSH. In Fig. 5 it is possible to see the recall@K re-

sults obtained by the Dual-Encoder on the 3 considered datasets, as the 
parameter k changes. The results obtained show, as k varies, the prob-

ability that among the first k returned candidate entities, there is the 

correct mapping entity associated with each entity mention.
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Table 4

Overall results of the Entity Linking task.

Method Wincare NCBI-Disease BC5CDR

BM25 23.48 13.21 9.27

BERT similarity 50.76 29.71 60.02

Dual-Encoder 25.76 66.02 74.90

Dual-Encoder (context) 79.55 70.15 74.78

Cross-Encoder 97.58 92.53 95.49

Specifically, for the Italian Wincare dataset the best results are ob-

tained with the DBpedia knowledge base, as it contains biomedical en-

tities translated into Italian with the corresponding description. MeSH 
knowledge base, instead, is strictly in English and for this reason the 
performances obtained are worse. For the two English datasets consid-

ered, the external MeSH knowledge base allows to obtain better results 
for the generation of the candidate entities. This is due to the knowledge 
base of biomedical domain that contains a number of entities signif-

icantly higher than the base of DBpedia knowledge considered (only 
biomedical entities within it).

For this reason, the DBpedia knowledge base (in the Italian ver-

sion) was used for the Wincare dataset for the following steps, while 
the MeSH knowledge base was used for the two other datasets.

6.2. Reranking entities

Since the in-KB accuracy results provided by the Dual-Encoder are 
not satisfactory, a second step was necessary for the resolution of the 
entity linking task. It consists in the re-ranking of the candidate enti-

ties provided by the Bi-Encoder, through a model called Cross-Encoder. 
By evaluating the performance on the test sets corresponding to each 
considered dataset, it is possible to note how the addition of the Cross-

Encoder allows to obtain excellent results for the prediction of the 
mapping entity for each mention. In particular, Table 4 shows how the 
results have been improved using increasingly complex models.

Specifically, the approaches used are:

• BM25 (Robertson & Zaragoza, 2009). Okapi BM25 is a ranking 
function used by search engines to estimate the relevance of docu-

ments to a given search query. Considering each mention as a query 
and the set of entities in the considered knowledge base (with re-

lated descriptions) as documentary collection, the mapping entity 
was obtained by considering the entity in the documentary collec-

tion to which the highest score is assigned. This approach is an 
evolution of the classic TF-IDF approach, based on counting how 
many times the query repeats itself in each document and in how 
many different documents it appears. The results obtained are bad, 
as the documentary collection considered is only a set of descrip-

tions of each entity and not “real” documents.

• BERT similarity (Devlin et al., 2018). BERT-base-uncased used for 
cosine similarity uses a neural network without fine-tuning it, but 
simply to obtain a vector representation of each mention and each 
candidate entity, without considering contextual information. Once 
these representations are obtained, the cosine similarity is calcu-

lated and the mention-candidate entity pair that obtains the highest 
similarity score is returned.

• Dual-Encoder (Wu et al., 2020). A pre-trained BERT-based model 
is fine-tuned, considering as input only the name of the mention 
and the title of the entity in the target knowledge base, contextual 
information is not considered.

• Dual-Encoder (context) (Wu et al., 2020). Same model as the pre-

vious point, with the difference that in this case it also considers 
contextual information as input: specifically, context of the men-

tion, and description of the entities.

• Cross-Encoder (Wu et al., 2020). It uses the Dual-Encoder to gen-

erate the top-8 candidate entities for each mention and a Cross-
11

Encoder to assign a new score to each pair (mention, candidate 
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Table 5

Link prediction results, before and after enrichment.

Method Before EL After EL

AUC MRR AUC MRR

HIN2Vec 50.00 78.01 50.00 78.40

R-GCN 53.63 78.91 58.72 82.38

ConvE 68.884 86.30 69.53 88.10

DistMult 78.86 91.73 79.69 93.19

entity) and obtain as a result the pair with the highest score, for 
each mention.

An important aspect is the choice of the number of candidate enti-

ties returned by the Dual-Encoder for subsequent re-ranking via Cross-

Encoder. Obviously, the greater the number of candidate entities, the 
better the results obtained. At the same time, the greater the number of 
candidate entities, the greater the amount of RAM memory required 
for Cross-Encoder training. For this reason, it is necessary to find a 
trade-off between performance and computational costs. From the re-

sults obtained in Fig. 5, it is possible to notice how choosing 8 as the 
number of candidate entities, the recall results obtained are similar to 
the case with k = 32 or k = 64. However, the amount of RAM required 
with k = 8 will not exceed 16 GB, while for higher values of k (i.e.

16,32,64) 16 GB was not enough.

6.3. Link prediction

After obtaining the node embeddings using state-of-the-art tech-

niques of heterogeneous graph representation learning, the perfor-

mance on the link prediction task was evaluated predicting whether 
or not a link is present between two Diagnosis-Disease type nodes. 
In particular, the results obtained before and after enrichment of the 
knowledge graph through DBpedia were compared.

From the obtained results, as shown in Table 5, we can draw two 
important remarks:

1. Among the four state-of-the-art techniques for generating node em-

beddings on heterogeneous graphs, the one that allows to obtain 
better vector representations is certainly DistMult. It manages to 
obtain better performances than AUC and MRR on the link predic-

tion task, both on the starting knowledge graph, and on the one 
obtained downstream of the enrichment through DBpedia.

2. It is possible to notice how the addition of nodes and links to the 
normalized knowledge graph allows to improve the performance 
of all the state-of-the-art techniques used, confirming however the 
claim that DistMult is the best technique for the generation of node 
embeddings.

After the entity normalization step, within the created biomedical 
knowledge graph, we will have a series of nodes corresponding to the 
ones present in the DBpedia external knowledge base. Starting from 
these, it is possible to extract further knowledge from DBpedia. Fig. 6

shows an example of how the knowledge graph changes after having 
enriched it. Different disease nodes will be connected to each other, by 
exploiting the information on specialization (HAS SPECIALIZATION) of 
each disease (e.g., arterial hypertension and atrial fibrillation both have 
cardiology as their specialization). In addition, as shown in Fig. 6, two 
different diseases can be linked to each other through the relationship 
“HAS COMPLICATION”, i.e., one disease can degenerate into the other 
due to complications.

The results obtained from the considered four state-of-the-art hetero-

geneous graph embedding techniques are visually compared by using 
t-SNE to reduce the dimensionality of embeddings. We report the com-

parison in Fig. 7. In particular, the HIN2Vec and R-GCN techniques do 

not allow to discriminate the type of entity (e.g., Disease, Symptom, 
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Fig. 6. Example of adding nodes in the graph.

Fig. 7. Visual comparison of embedding methods. Plots are obtained by reducing embeddings dimensionality with t-SNE. Colors refer to node types.
Patient, Visit, etc.) in a two-dimensional space, as entities of different 
types appear in the same portion of the graph, while with more ad-
12

vanced techniques — i.e., based on relation learning methods, such as 
DistMult and ConvE through a simple visual analysis — it is possible 
to see how entities of different types in the knowledge graph will be 

represented in a different portion of the two-dimensional space.
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7. Conclusions & future work

In this paper we have shown the value of entity linking in the 
construction and prospective analysis of healthcare knowledge graphs. 
Specifically, we can summarize our work as follows.

• With biomedical entity linking experiments based on pre-trained 
transformers and carried out on two well-known English biomed-

ical datasets (i.e. NCBI-Disease, BC5CDR), we have shown that 
excellent results can be obtained with a two-phases approach con-

sisting in (1) the generation of candidates by means of a dual-

encoder, and (2) the re-ranking of candidate entities through a 
cross-encoder.

• Results from the dual-encoder have been used to compare DBpedia 
and MeSH knowledge bases. We observed that a domain-specific 
knowledge base (i.e., MeSH) leads to better performance w.r.t. a 
generic knowledge base (i.e., DBpedia) in generating candidate en-

tities.

• However, the Dual-Encoder alone did not allow to obtain good re-

sults on test sets. For this reason, we have added a Cross-Encoder, 
which has significantly improved the results on both datasets.

• We have tested the applicability of the proposed entity linking 
model on Italian data from cardiology departments of the Hospi-

tal of Naples Federico II. Given the language of this dataset, it was 
not possible to use MeSH, but we have considered Italian concepts 
from DBpedia. From the results obtained from the fine-tuning of 
the BERT transformers inside the model, it emerged the ability to 
correctly predict mentions of the test set never seen in the training 
phase.

• Taking a cue from previous works that used graph embeddings to 
improve the performance of entity linking task, a reverse approach 
was carried out: exploiting results of the entity linking task to 
improve graph embeddings (obtained through state-of-the-art tech-

niques) of the biomedical knowledge graph previously created. In 
particular, from results obtained for the link prediction task, it has 
been shown how the addition of information to the graph through 
DBpedia, and the results of the entity linking task allow to improve 
the graph embeddings obtained by all the considered state-of-the-

art techniques.

Future work will be devoted to improvements of the information ex-

traction steps in our pipeline. The extraction of entity mentions and, 
thus, the linking procedure is indeed challenging, due to the low-

resource scenario imposed by the Italian language. There is room for 
improvements in this direction by leveraging few-shot learning tech-

niques (e.g., data augmentation, distant supervision, meta-learning). 
Furthermore, another key aspect to improve the performance of the 
current framework consists in taking temporal information into consid-

eration: in fact, the analysis of the dynamic of past events has recently 
shown promising results in several domains (Zhu et al., 2021, Li et al., 
2021), and consequently healthcare could benefit from such works too.
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