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Abstract 
Background: The fatality of adverse drug reactions (ADR) has become one of 
the major causes of the non-natural disease deaths globally, with the issue of 
drug safety emerging as a common topic of concern. Objective: The persona-
lized ADR early warning method, based on contextual ontology and rule 
learning, proposed in this study aims to provide a reference method for per-
sonalized health and medical information services. Methods: First, the pa-
tient data is formalized, and the user contextual ontology is constructed, re-
flecting the characteristics of the patient population. The concept of ontology 
rule learning is then proposed, which is to mine the rules contained in the 
data set through machine learning to improve the efficiency and scientificity 
of ontology rule generation. Based on the contextual ontology of ADR, the 
high-level context information is identified and predicted by means of rea-
soning, so the occurrence of the specific adverse reaction in patients from 
different populations is extracted. Results: Finally, using diabetes drugs as an 
example, contextual information is identified and predicted through reason-
ing, to mine the occurrence of specific adverse reactions in different patient 
populations, and realize personalized medication decision-making and early 
warning of ADR. 
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1. Introduction 

The increase of adverse drug reactions (ADR) occurrences globally and their 
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consequent fatality has led to raising the issue of drug safety as a common con-
cern topic. According to Goetz and Schork [1], many population differences in 
drug treatment and effects exist. Biomedical research has shown that the genetic 
factor of individuals is the main reason for ADR. Differences in individuals such 
as gender, age, race, and different diseases have an effect on the dynamic treat-
ment process of medicines, and produce different ADRs. Moreover, genetic mu-
tation is the source of individual differences in drug reactions. Pharmacoge-
nomics focuses only on the different medication reactions to different diseases 
caused by genetic mutations [2]. Therefore, in the process of promoting precise 
medical treatment, full consideration of patient genetic factors, gender, age, 
weight, physiological and pathological features, as well as the other medications 
should be taken. Based on this, a safe, rational, effective and economical drug 
treatment plan is formulated, and personalized medication is administered to 
prevent or reduce ADR. 

Many pharmaceutical companies and medical institutions in western coun-
tries have taken the lead in personalized drug development, personalized diag-
nosis and treatment services, while China’s personalized health care services are 
gradually emerging. Relevant organizations and functional departments are ac-
tively promoting the development of personalized medication in China. At 
present, few studies focus on the monitoring of ADR in individualized pharma-
ceuticals. To advocate smart medicine, information technology can support the 
prediction, early warning, and prevention mechanisms of ADR. 

In this research, a contextual ontology was developed that reflected the cha-
racteristics of patient population differences and used the ontology rule learning 
to find the patterns of ADR in patients with different population characteristics, 
and transform those patterns to Semantic Web Rule Language (SWRL) rules that 
can achieve early warning of personalized ADR.  

The remainder of this paper is organized as follows: previous research on 
context-based health information service, context modeling and semantic rea-
soning is reviewed in Section 2. The research framework for this study is pre-
sented in Section 3. The experiments for early warning of personalized ADR, in-
cluding contextual ontology construction, ontology rule learning and inference 
are described in Section 4. Finally, Section 5 concludes the paper and presents 
future work. 

2. Related Work 
2.1. Adverse Drug Reaction Mining in Health Social Media 

The usual pharmacy alert system is a report from doctors and pharmacists, not a 
direct report from the patient. Due to the filtering of doctors and pharmacists, 
reports sent to the pharmacovigilance system are not the first source of data. 
With the advent of Web 2.0, social media has accumulated a large amount of us-
er information resources. Users are willing to share and discuss their experiences 
with the use of drugs on social media about health topics. The emergence of 
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these social platforms provides a new way to monitor ADR. Social media com-
monly used in ADR research include Twitter and Facebook, and online health 
communities such as DailyStrength and Medhelp. These data sources are the 
first-hand data from a wide range of drug users. Compared with traditional 
spontaneous event reporting systems and electronic health records, social media 
data has the characteristics of extensive resources, rich information, and 
real-time generation [3]. However, at the same time, the unstructured social me-
dia data increases the difficulty of mining. Nevertheless, the rapid development 
of natural language processing technology and machine learning methods have 
made the use of social media data to mine ADR possible. Freifeld CC et al. com-
pared the use of social media data with spontaneous reporting system data for 
adverse reaction mining, extracted potential ADR from millions of Twitter texts, 
and compared the results with those in FAERS [4]. The article concluded that 
the distribution of adverse reactions in the two data sources was basically con-
sistent. Pharmaceutical companies are also very interested in these immediate 
and direct reports of ADR from patients, because they can enable them to iden-
tify problems early and take measures to avoid being subjected to serious legal 
proceedings and loss of profits [5]. 

Healthcare research should make full use of these rich information resources. 
The rapid emergence of user-generated content (UGC) has become an impor-
tant asset for continuous monitoring of public health resources and adverse dis-
ease events [6]. Analyzing the narrative content of patients on social media is 
very important for assessing their perceived risk of ADR and exploring the rela-
tionship between drugs and adverse reactions [7]. In summary, ADR reported by 
patients can contribute greatly to reliable pharmacovigilance [8]. 

2.2. Context-Based Health Information Service 

Context refers to information that can be used to describe entities. An entity can 
be regarded as a conceptual or physical object, including people, places and cal-
culation objects [9]. Context can be defined as the relatively static user attributes, 
the environment they belong to, and the current state. Context awareness can 
predict user behavior and need through the acquired context information, thus 
providing precision services. Context acquisition mainly collects user and exter-
nal environment context information via diverse types of sensors. 

In the field of health information services, with the development of e-health, 
health information services based on context technology can provide persona-
lized and adaptive health information services to patients, transforming health-
care into user-centered self-care, home care, and mobile care. According to 
Liang and Li, research in this field mainly focuses on five aspects, namely elec-
tronic medical records, reminder and early warning, disease diagnosis, informa-
tion recommendation and epidemiological prediction [10].  

2.3. Context Modeling and Semantic Reasoning 

The context based method involves two technical issues: context modeling and 
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context reasoning. Context modeling is the conceptual abstraction of context 
information, while context reasoning is the identification or prediction of 
high-level context through user low-level context information. These two issues 
are the key to system implementation based on context awareness.  

Context modeling has realized the mapping of context information from the 
physical to virtual space. Many methods for context modeling exist. Owing to 
the advantages of concept description, the ability of expression and reasoning 
support, the ontology-based context modeling method has become the main-
stream modeling method. In addition to providing modeling of contextual 
knowledge, ontology can also support more reasoning by adding rules descrip-
tion. Using ontology to model health context information can express the con-
nection between concepts, and promote knowledge sharing and reusing [11].  

Semantic reasoning supports the broader reasoning by adding rule descrip-
tions based on semantic information organizing [12]. The ontology contains rich 
semantic information and can be regarded as the form of information organiz-
ing (i.e., context modeling method). Through reasoning, the specific form of 
knowledge set in the ontology can be obtained and used to solve practical prob-
lems [13]. Commonly used inference mechanisms can be divided into ontolo-
gy-based reasoning, rule-based reasoning and machine learning-based reason-
ing. These inference mechanisms have their corresponding advantages and dis-
advantages. The purpose of ontology-based reasoning is to mine the implicit 
knowledge in display definitions and declarations through a processing mechan-
ism. Generally, the rules of ontology reasoning are user-defined, and are based 
on description logic, while machine learning and data mining algorithms can 
mine the rules contained in the data set to improve the efficiency of rule genera-
tions. Combining the advantages of different inference algorithms to improve 
the efficiency and accuracy of reasoning is a significant challenge of semantic 
reasoning. 

Health information services should utilize semantic web technology to enable 
high-level mapping and reasoning of low-level context to support intelligent de-
cision-making through ontology modeling of user context and semantic annota-
tion of resources, thus providing personalized health care services. 

3. Methods 

A personalized ADR early warning framework that integrates into the characte-
ristics of patient population is presented in this paper. First, the semantic en-
hancement method was used to formalize patient data, and user contextual on-
tology that reflected the characteristics of the patient population was con-
structed. Then based on the ADR contextual ontology, the contextual informa-
tion was identified and predicted through reasoning, to mine the occurrence of 
different adverse reactions in different patient groups. This implementation of 
personalized ADR early warning explored the application of “smart medicine”, 
by using machine learning methods to mine data from social media. 
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In the stage of rule generation of reasoning, the concept of rule learning pro-
posed is the following: mining healthy social media through machine learning 
methods to generate custom rules for ontology reasoning. Machine learning 
methods were integrated into the generation of reasoning rules, to improve the 
efficiency and intelligence of reasoning. Figure 1 presents the early warning 
framework for personalized ADR, which contains four parts, namely data pre-
processing, user contextual ontology modeling, ontology rule learning and per-
sonalized medication early warning. 

This paper combines statistic-based association rule mining with ontolo-
gy-based semantic reasoning to establish the early warning model. The empirical 
research was carried out through the semantic reasoning of ADR in diabetes. 

3.1. Data Preprocessing 

Personalized ADR early warning data can be divided into structured data for 
constructing the contextual ontology and unstructured data for the rule learning 
stage. Context ontology modeling is defined by domain experts and knowledge 
engineers, who cooperatively define the scope of ontology, and collect required 
drugs and their adverse reaction data from authoritative databases such as Med-
DRA, UMLS and SIDER. 

The data preprocessing in the rule learning stage cleans and regulates the re-
quired data according to the requirements of the machine learning task. After 
preprocessing operations, such as word segmentation and removal of non-English 
characters for the data mined from the online community, the data is converted 
into the format of the transaction database. At the same time, incomplete or 
meaningless data is eliminated, while the original continuous data can be re-
placed by discrete attributes. 

3.2. Contextual Ontology Modeling 

Contextual ontology can be divided into user ontology, environment ontology 
and state ontology [14]. User contextual ontology was constructed in this study  
 

 
Figure 1. The early warning framework for personalized ADR. 
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according to the static attribute characteristics of users. “User” is the core con-
cept in the context of context-aware computing. The “user” in this study refers 
to different medication groups, that is, patients. 

Let the contextual ontology be O = <Os, Od, R>, where, Os is the model layer, 
Od is the data layer, and R is the correspondence between the two [15]. 

1) Mode layer Os = <Cs, Ps, Es>, where, Cs represents the concept set of related 
entities in the field such as gender, age, weight, physiological and pathological 
characteristics and other drugs being taken. Ps represents the attribute set of the 
relationship, including the parent relationship, equality relationship, causality 
relationship, and user-defined related properties used to describe the concept, 
such as the domain attribute of the drug concept. Es represents the set of rela-
tions between concept nodes, ES ∈ Cs × Ps × Cs. 

2) The data layer Od = <Cd, Pd, Ed> is the instantiation of the mode layer, 
where, Cd represents a collection of instances (Ci) or a collection of literal values. 
Pd represents the attribute collection, including object attribute collection and 
numerical attribute collection; Ed represents the relationship collection between 
the data layer nodes. 

3) The relationship between Os and Od is R = {(instance, rdf: type, class| in-
stance ∈ Ci, class ∈ Cs}. 

To increase the accuracy of personalized drug information recommendation 
for different patient populations and reduce the incidence of ADR, inference is 
necessary based on user basic attribute characteristics and physiological para-
meters to determine the probability of adverse reactions caused by taking certain 
drugs.  

This study used the basic attributes and physical parameters of the patient to 
describe the user context. The contextual factors considered included gender, 
age, weight, physiological and pathological characteristics, and other drugs being 
taken. In addition, genetic differences are the root cause of adverse reactions. 
Selecting therapeutic drugs based on genes can improve their effectiveness and 
avoid adverse reactions. Therefore, genetic testing is an important part of user’s 
context.  

When designing the model layer, the six upper-level core concepts of gender, 
age, weight, physiological and pathological characteristics, other drugs being 
taken, and pharmacogenomic testing were selected to define the contextual on-
tology. 

Gender: Women are often excluded from clinical research during drug de-
velopment, and compared with men, hormone levels in women, drug use pro-
pensity, gender differences in pharmacological effects, and personality differ-
ences make women more prone to ADR. The different mechanisms of absorp-
tion, distribution, metabolism, and excretion of drugs in men and women lead 
to gender differences in pharmacodynamic responses [16]. 

Age: Age is also an important factor affecting the efficacy of drugs. The effects 
of certain drugs in the older population, adolescents, and children are different 
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from those of adults. For example, many anesthetics can achieve the same effect 
by injecting fewer doses into the older people [17]. 

Pathophysiological features: The pathological state of different diseases will 
affect the function of each body, which in turn will influence the effect of drugs. 
For example, when liver and kidney function decline, the effects of certain drugs 
may be enhanced and even lead to poisoning. Physiological changes in the body 
may also lead to adverse reactions. For example, there are circadian rhythm 
fluctuations in the secretion of gastric acid, cholesterol synthesis, and asthma at-
tacks in physiological changes. According to the pathological characteristics of 
different diseases and the physiological laws of the human body, choosing the 
best time to take medicines to synchronize with the biological rhythm of the 
human body, can achieve the best effect and reduce the occurrence of adverse 
reactions [18]. 

Other medicines being taken: The treatment of many diseases in the clinic is 
combined with drugs, and the interaction between drugs brings benefits or harm 
to the body. Drug interaction refers to the change in the action time or the 
strength of the drug, after taking other drugs sequentially or at the same time. 
The consequences may be expected, insignificant, or even harmful. The interac-
tion between different drugs and drugs and food may also induce changes in 
pharmacokinetics or pharmacodynamics, causing adverse reactions [19]. 

Gene test: Pharmacogenomics reveals the differences in drug response to dif-
ferent diseases caused by genetic mutations, and clarifies the relationship be-
tween genetic differences and drug efficacy and safety. A DNA sample is pro-
cured from the patient by scraping the exfoliated cells of the oral mucosa, to ob-
tain their genetic sequence. By comparing with known disease gene samples, it is 
possible to identify the susceptibility genes of the disease in the patient, and infer 
the risk of the patient suffering from a certain disease. Thus, the drug treatment 
plan can be selected according to the genetic characteristics and the harm from 
adverse reactions also can be avoided [20]. 

Other characteristics: Many drugs are contraindicated, if the patient is in 
pregnancy, lactation, menstrual period, etc. Patients such as these should be cau-
tious in taking drugs to avoid drug damage. The difference in the nutritional 
status of patients can also lead to different reactions after taking certain drugs, 
such as patients with muscular dystrophy taking verapamil will suffer from res-
piratory arrest. In addition, the characteristics of the patient population such as 
blood type and weight still need to be researched.  

The contextual ontology of this study modeled and instantiated the key in-
formation of the above user attributes, and determined the above ontology class 
to describe and explain the characteristics of the patient population. 

3.3. Ontology Rule Learning 

Although both resource description frameworks (RDFs) and Web ontology lan-
guage (OWL) in the ontology have well-defined formal semantics and support 
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reasoning, they only describe the data used for reasoning. Due to the lack of 
rules for reasoning, it is impossible to determine the authenticity of a proposi-
tion only through data. The Semantic Web needs to add rule descriptions on the 
basis of data to support a wider range of reasoning. Τhe rules for reasoning in 
ontology reasoning usually summarize the rules of the field by analyzing the re-
lationships between entities, concepts and concepts, concepts and attributes, and 
instances in the real world. These rules are usually custom description logic 
based on experience, facts, etc. 

ADR involve multiple dimensions including drugs, adverse reactions and drug 
users. The differences in drug use population, the complexity of adverse reac-
tions, and the discontinuity of attribute values make conventional early warning 
methods unable to fully satisfy the demand of personalized health information 
services.  

This study proposes the idea of rule learning, that is, mining social media data 
using machine learning methods to generate rules for ontology reasoning, thus 
breaking the limitations of previous reasoning rules based on custom logic de-
scriptions, such as experience and facts. In this study, the association rule min-
ing method was used as an example to analyze the association between the pa-
tient and the adverse drug information, and to find the association relationship 
between the adverse drug reaction and the gender, age, physiological and patho-
logical characteristics and other multi-dimensional contextual attributes of the 
patient. In this way, rules for ontology reasoning of ADR, which can provide a 
reference method for personalized medication early warning, are generated. 

When the Apriori algorithm searches for frequent sets layer by layer, the en-
tire database needs to be scanned once for each frequent k-item set. In order to 
improve the efficiency of association rule mining, the data cube-based mul-
ti-dimensional association rule mining algorithm was used to organize the data 
in the data warehouse into the form of data cubes, and perform association rule 
mining on the data cube to reduce the item set as much as possible. In the Apri-
ori-cube algorithm [21], the search object is a frequent predicate set. For exam-
ple, the multi-dimensional association rule: Age(x,">40")^ hasDisease(x, "hyper-
tension") ⇒ susceptibletoDisease (x, "diabetes"), the predicate set {Age, hasDi-
sease, susceptibletoDisease} is a 3-predicate set. 

According to the cube-based multidimensional association rule mining algo-
rithm, the implementation steps of the ADR ontology rule learning based on us-
er context include: 1) The generation of ADR data cubes; 2) Mining frequent 
predicate sets that meet the minimum support on the generated data cube; 3) 
Generate ADR early warning rules for different drug populations in the frequent 
predicate sets. 

The importance degree of the early warning rule is determined by the degree 
of support, and the accuracy of the early warning rule is determined by the de-
gree of confidence. After further analysis and rule description, the early warning 
rules for ADR ontology were extracted, adding to the adverse reaction ontology 
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rule base for reasoning and medication warning. Simultaneously, through the 
dynamic mining of continuously updated training data sets, the update of the 
early warning rule base for ADR was achieved. It is clear though that other ma-
chine learning methods can also be used to extract more potential rules applica-
ble to the requirements of ontology reasoning. 

3.4. Personalized Medication Early Warning 

The ontology reasoning model was used in this study to create the early warning 
mechanism. The powerful semantic expression and reasoning ability of the on-
tology was used to provide personalized information services for the early 
warning of ADR. Figure 2 presents the ontology reasoning model, which con-
tains three parts: the input of medical information, ontology reasoning model 
detection, and the output of early warning information. 

The early warning of personalized drug adverse reactions is divided into two 
stages: the training stage, that is, the ontology rule learning, and the early warn-
ing stage, that is, the ontological reasoning and personalized medication early 
warning. In the training phase, the personal data of the drug users and the his-
torical data of adverse reactions were trained, and the ADR rules for different 
drug population characteristics were mined. Then the rules were described and 
written into the ontology for ontology reasoning. In the early warning stage, pa-
tient characteristic data and drug information were input into the ontology as 
instances, combined with the knowledge and facts in the ADR ontology. The 
ontology reasoning engine searched for matching rules in the rule library for 
reasoning, predicted the probability of adverse reactions in the user, and pro-
vided early warning according to the set threshold. 

The early warning platform can provide early warning according to the dif-
ferent characteristics of the patients who use the drug and possible adverse reac-
tions. Input any dimension in the three-dimensional combination, such as pa-
tient age, if the ontology data contains the drug and adverse reaction rules for 
that age group, and the pre-term, post-item, rule support and warning informa-
tion will be displayed in the output results. Similarly, when inputting the drug 
information, if the ontology contains different population characteristics of the 
drug and possible adverse reaction rules, the warning information will also be 
likewise displayed. 

4. Experiment Analysis 
4.1. ADR Contextual Ontology Construction  

Diabetes drugs were used in the experiment as the example. According to UMLS, 
SIDER, ADReCS (ADR classification system), it is possible to design the diabetes 
ADR ontology, with the help from experts in the fields of medicine and phar-
macy. Table 1 shows important concepts and terms involved in the diabetes 
ADR contextual ontology. The hierarchical structure of the contextual ontology 
contains four major classes, namely Drugs used in diabetes (diabetes drugs classes),  
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Figure 2. The ontology reasoning model. 
 
Table 1. Important terms in the diabetes ADR ontology. 

Drugs used in diabetes 

Insulin, Metformin, Chlorpropamide, Glibenclamide, Gliclazide, 
Glimepiride, Glipizide, Tolazamide, Tolbutamide, Acarbose, 
Miglitol, Pioglitazone, Rosiglitazone, Troglitazone, Alogliptin, 
Saxagliptin, Sitagliptin, Vildagliptin, Exenatide, Liraglutide, 
Nateglinide, Repaglinide, Symlin, Humalog, NovoLog… 

Fine-grained adverse 
drug reactions 

Hypoglycemia reaction, allergic reaction, lactic acidosis,  
cardiovascular system, hematological system, alimentary system, 
urinary system, adipose atrophy or ecrosis, Arthralgia, Asthenia, 
Back pain, Chest discomfort, Fatigue, Headache, Injection site 
reaction, Musculoskeletal discomfort, Oedema peripheral,  
Swelling, Dermatitis atopic, Nausea, Diarrhoea… 

 
Fine-grained ADR (fine-grained ADR classes), UsertContext (patient context 
class), and Patient (user classes). Each major class contains corresponding sub-
classes.  

The contextual ontology refines the key information of user attributes and 
determines the contextual class to describe and explain the characteristics of dif-
ferent groups of patients. Based on the ontology of ADR that have been built in 
the pre-study work, user contextual characteristics including Gender, Age, Ge-
neTest, Pathophysiological, and other drugs being taken were used to achieve 
ontology modeling. The important attributes involved in the diabetes ADR on-
tology include object attributes, such as hasADR (with adverse reactions), use-
Drugs (drugs taken), hasContext (having characteristic), and data type attributes 
corresponding to various drugs and adverse reactions. 

This study used Protégé for ontology visualization. Specifically, OWL classes 
were used to describe the concept of knowledge; Properties were used to de-
scribe the attributes and relationships of classes connected to the basic data type, 
and this relationship can be connected to another class or instance; Individuals 
were used to describe instances and classes, attributes, domain and range were 
used to describe data. Figure 3 presents part of hierarchical structure of class 
and attributes of ADR ontology that was generated by Protégé. 

Patient information can be added as instances under the patient class, and the 
associations with other classes are established through object attributes, which 
are subsequently used for reasoning and personalized drug adverse reaction de-
tection. 
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(a)                            (b)                              (c) 

Figure 3. The classes and attributes of diabetes ADR ontology. (a) Some classes, (b) Object attributes, (c) Data 
attributes. 

 
Finally, the integrity and consistency of the ADR ontology can be tested by 

using the Pellet inference engine. The construction of ontology is a complex and 
iterative process that requires the cooperation of domain experts and knowledge 
engineers. The continuous improvement of domain knowledge and continuous 
supplement of details are important in the process of expansion of the ontology. 
The ontology constructed in this study was only used as an experimental model 
to verify the effectiveness of subsequent early warning reasoning.  

4.2. ADR Ontology Rule Learning 

This experiment used Microsoft SQL Server 7.0 and DBMiner 2.0 for data min-
ing. Because of the limited pharmacogenomic data and professional knowledge 
about pharmacology and pathology, only two attributes (i.e., gender and age) 
were selected in the user context for rule learning and early warning experiments 
to prove the effectiveness of the proposed method. 

4.2.1. Data Preprocessing 
This experimental data was extracted from the diabetes section of the Ask a pa-
tient website, and “BLOOD GLUCOSE REGULATORS” was selected as drugs 
for association rule mining. The hypoglycemic drug was classified by its name, 
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and patients were able to score and comment on the drug by their experience. 
The comment interface of the drug ACTOS is shown in Figure 4. 

We chose 14 types of hypoglycemic drugs with more than 20 comments by 
users as the experimental object. The web crawler tool was employed to capture 
13,207 comment records from the website and information about patients in-
cluding user ID, gender, age and adverse reactions. The raw data was then 
processed and stored in a relational database. The processing task involved seg-
mentation, removal of non-English characters and stop-words. Additionally, 
cleaning and filtering of noise, vacancies and inconsistencies in the data was 
performed, eliminating incomplete and meaningless data, and replacing the 
original continuity data with discrete attributes. 

OLAP was used to generate a three-dimensional ADR data cube. The three 
dimensions were: drug dimension, patient attribute dimension and adverse reac-
tion dimension. Table 2 presents the details of the data cube. The drug dimen-
sion “blood sugar regulating drugs” was chosen and capital letters were used to 
represent different drug names, such as A for ACTOS, B for GLUCOPHAGE, 
and C for AVANDIA. The patient attribute dimension contained patient gender, 
age, other drugs being taken, genome detection, etc. Two dimensions of patient 
attributes were selected, namely gender and age. In the gender dimension, 0 
represented male and 1 represented female; in the age dimension, discrete va-
riables of age range were used: 0 represented under 30, 1 represented 30 - 39, 2 
represented 40 - 49, 3 represented 50 - 59, 4 represented 60 - 69, and 5 
represented older than 70. The adverse reaction dimension involved many va-
riables, selecting 20 common adverse reactions of blood glucose regulating 
drugs.  

4.2.2. Results and Analysis 
The Apriori_Cube algorithm was used to generate a frequent predicate set. The 
minimum support degree min_sup was set to 0.25, resulting in a minimum 
support count (min_count) of 25. Figure 5 presents the relationship between  
 

 
Figure 4. The user comment interface on the Ask a patient website. 
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Table 2. Dimensions of ADR data cubes. 

Dimension contents 

Drug dimension 

A-ACTOS 

B-GLUCOPHAGE 

C-AVANDIA 

….. 

Patient attribute 
dimension 

Gender 
0-male 

1-female 

Age 

0-Under 30 

1-30 - 39 

…. 

Adverse reaction 
dimension 

1-Weight gain 

2-Oedema 

3-Fatigue 

…… 

 

 
Figure 5. Partial results of rules mining. 

 
patient gender and age and the adverse reaction when patients take ACTOS by 
mining association rules from 14 blood glucose regulating drugs. 

The results showed that hypoglycemic drugs were prone to hypoglycemia, al-
lergic reaction, diarrhea, oedema, nausea, headache, somnolence (drowsiness), 
fatigue and other adverse reactions, when treating type II diabetes, among which 
hypoglycemia was the most common adverse reaction. Compared with young 
people, middle-aged and older people are more likely to suffer from this adverse 
reaction. There is literature that confirms the mining results from this study. 
Another result from the experiment when taking ACTOS showed that female 
patients are more prone to suffer from oedema than male patients, which is con-
sistent with the drug instruction. Moreover, female patients with “arthralgia” 
adverse reactions were more than male patients (5.30%: 3.48%), which is con-
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firmed by the report that “female patients taking ACTOS are more likely to have 
fractures” [22]. 

It is possible to obtain six groups of rules with strong association and three 
groups of rules with certain association However, not all rules are useful. Al-
though insignificant associations are eliminated by setting minimum support 
and confidence, rules are not useful still remain. Future research needs to im-
prove the mining algorithm in order to achieve the better results for this issue. 

4.3. Personalized ADR Early Warning Based on Ontology  
Reasoning 

SWRL was used to describe rules, combined with OWL ontology, and can infer 
the semantics that OWL ontology cannot display. Based on the previous conclu-
sions of analyzing the association rules on 14 kinds of blood glucose regulating 
drugs, six SWRL warning rules were written into the ontology rule library. A 
rule example is as follows: 

User(?x)^hasGenderof(?x, female)^Drugs_used_in_Diabetes(?y)^isAlertby(?y, 
female)→hasEarlywarning(?x, Oedema) 

The inference system models used in the experiment included description 
logic-based reasoning and SWRL-based reasoning. In the inference engines 
based on description Logic, the FaCT++ inference engine using the Tableau al-
gorithm was integrated into Protégé, because of its simplicity, ease of use and 
high efficiency in reasoning, and the FaCT++ inference engine was used in the 
experiment for description logic reasoning. In the inference engine based on rule 
reasoning, JESS was selected as the reasoning engine for early warning in view of 
its good portability, embedding and high efficiency. Figure 6 shows the operation  
 

 
Figure 6. The inference results of OWL + SWRL → JESS. 
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interface of SWRL. Starting the JESS engine through the “J” button in the upper 
right corner of the interface, the result shows that SWRL selected six rules and 
61 classes and added nine new Axioms, which are the results of JESS reasoning, 
coming to new conclusions. 

The platform can realize the early warning of any dimension (drug, patient 
characteristics, possible adverse reactions, et al.), by editing the results of associ-
ation rule mining into early warning rules into the ontology for reasoning, then 
constituting an early warning platform for adverse drug reactions. For example, 
when the gender information is input into the system as female, a warning rule 
will appear: Drugs = ACTOS, Gender = female → Reaction = Oedema, which 
shows that the female patient that takes ACTOS is likely to have the oedema 
reaction. The degree of support and confidence of this rule reveals the likelihood 
and accuracy of the reaction. Similarly, when the drug information is input, the 
warning information also shows that female patients are prone to develop oe-
dema. 

The traditional diabetes treatment method gradually adjusts the medication 
plan through the response of the patient after taking the medication for a period. 
This approach virtually increases the risk of treatment. The ADR early-warning 
scheme based on user context can provide an early warning of drug risks 
through the analysis and reasoning of patient and drug information before me-
dication, and provide a reference method for personalized health and medical 
information services. 

5. Conclusion and Future Research 

This study proposes a personalized adverse drug reaction (ADR) early warning 
method based on user contextual ontology and rule learning. First, the semantic 
enhancement method was used to formalize the patient data, and the ontology 
modeling of the user context reflecting the characteristics of the patient popula-
tion was designed. Then, based on the ADR contextual ontology, the contextual 
information was identified and predicted through reasoning, and a personalized 
ADR early warning model was established to achieve personalized medication 
decisions. Finally, empirical analysis was performed through the reasoning of the 
ADR in diabetes. 

Nevertheless, some limitations are present in this study. The gene-directed 
personalized medications could better reflect the essence of personalized health 
care. Limited to the acquisition of pharmacogenomic data and knowledge, ge-
nomic detection was not included in the study of user context attributes. How-
ever, the method proposed in this study can be extended to gene-directed per-
sonalized drug research to develop a safer and more effective personalized 
treatment plan for patients. In addition, in the ontology rule learning process, 
further research needs to focus on the application of more advanced machine 
learning and data mining methods to improve the efficiency and accuracy of 
ontology inference rules generation, so that the mining results satisfy our re-
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