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Abstract—Decision Support Systems (DSS) has become in-
creasingly important due to its broad applications in various
domains. Significant progresses have been made on ensuring
more precise decision-making by leveraging appropriate data
and knowledge from knowledge bases. However, the current
DSSs related to antibiotics consider only therapy rather
than diagnosis, and they were developed from a physician’s
perspective. Based on these two points, this study presents
IDDAT, an ontology-driven decision support system for aiding
Infectious Disease Diagnosis and Antibiotic Therapy. Based on
patient-entered information, this freely accessible system aims
to identify infectious disease, and provide an antibiotic therapy
specifically adapted to the patient. We show the effectiveness
of IDDAT by applying it to a diagnosis classification task.
Experimental results reveal the system’s advantages in term
of the area under the curve (AUC) of receiver operating
characteristic (ROC) (89.91%).
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I. INTRODUCTION

Infections are disorders caused by disease-causing agents

- such as bacteria, viruses, and fungi arthropods. Infectious

disease is illness resulting from an infection and can be

classified by the type of organism causing the infection [1]

Infectious diseases resulted in more than 10 million deaths in

2015 (about 17% of all deaths) and were among the leading

causes of death across all income groups [2].

In the field of medicine, many efforts have been made to

design and develop a decision-support system (DSS). Health

Evaluation through Logical Processing (HELP) [3]was the

first hospital information system developed for antibiotic

therapy to support the appropriate antibiotics selection in

case of infections. Various DSSs for infectious disease

diagnosis that have been designed inside the HELP envi-

ronment are dedicated to improving antibiotic prescription

and treatment for surgical prophylaxis [4] and preventing

adverse drug events [5].

Another expert system, TREAT [6], was developed based

on a causal probabilistic network to improve antibiotic

theapy in hospitalized patients. The antibiotic decision sup-

port system (ADSS [7] proposed user-centered design tech-

niques for the infectious disease diagnosis and antibiotic

prescription in intensive care units. The DSS [8] developed

in University of South Carolina adopted a multi-method

intervention to assess the impact of a clinical decision

support system, so as to prevent the overuse of antibiotics

in primary care.

However, the current DSSs related to antibiotics have

two potential limitations. 1) They mainly focus on the

study of therapy rather than diagnosis [9]. 2) They were

designed from a physician’s perspective. Nevertheless, since

infectious diseases are common and frequently occurring

diseases, people desire to gain access to knowledge via

Internet [10].

To alleviate these limitations, this paper presents the

structure and usage mode for an integrated diagnosis and

therapy Decision Support System for infectious diseases

(IDDAT). This freely accessible system aims to identify

infectious disease, based on patient-entered information and

the ontology. Currently, ontologies are being used to orga-

nize biomedical knowledge and data in various studies, such

as clinical knowledge management, biomedical knowledge

representation and medical decision support [11]. In IDDAT,

the ontology is developed from existing ontologies, by

combining extra information from medical website. The

decision-making process is completed automatically. If any

problems arise, patient should consult a doctor or be referred

to a hospital.

Based on our previous work [12], this study carries out
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the ontology expansion with reliable clinical data resources,

and reduces some redundant computations in the infer-

ence stage. Our results are reproducible. Our results are

reproducible. Source code: https://github.com/shenyingpku/

dssmanager. Ontology: www.iasokg.com. Video: https://

youtu.be/F4tuqwi4rlE.

II. SYSTEM ARCHITECTURE

We design an IDDAT for the infectious disease and

antibiotic prescription by automatically collecting behavior

clusters and constructing an ontology. The research emphasis

of this paper can be summarized as follows: 1) generating

an ontology, 2) incorporating a patient’s self-inspection to

propose a patient-centered infectious diagnosis and therapy

system, 3) identifying and classifying possible infectious

diseases based on knowledge contained in the ontology, 4)

assessing the ontology and IDDAT we proposed.

The proposed IDDAT, depicted in Fig. 1, consists of three

components: the ontology model, the clinical decision sup-

port model and the user interaction model. In this section, we

elaborate the many tasks inside each of these components.

Figure 1. IDDAT architecture

A. Ontology Model

A MySQL database was created based on the ontology

hierarchical conceptual schema, which covers the following

nine dimensions: antibiotic, disease, complication, bacteria,

animal, symptom type, symptom, infection site, and situa-

tion.

We generate an antibiotic ontology by reusing the existing

ontologies such as Disease Ontology (DO), Infectious Dis-

ease Ontology (IDO), Human Phenotype Ontology (HPO),

NCBI organismal classification ontology, and DrugBank.

Through entity linking, these existing ontologies were linked

to the MySQL database via the ontology components “class

name” and “alias”, which are tagged by the relation “ha-

sExactSynonym” in Web Ontology Language (OWL). We

compare the information between the new input class and

the existing class in the database. Given the existing classes

in the database, we merge the new input information into

the corresponding existing classes. Classes not found in the

database are regarded as new classes.

For websites such as Wikipedia, we only crawl a depth of

two layers to ensure the relevance of the content. In the “list

of antibiotics”1 on the Wikipedia webpage where antibiotics

are classified by class, we can extract the antibiotics name,

common uses, mechanism of action (MOA) as well as the

hierarchical relationships between antibiotics.

From the Wikipedia infobox concerning infectious disease

and antibiotics (see Fig. 2), we can extract information

related to speciality, symptoms, duration, complications,

causes, diagnostic methods, treatments and so on. The

extracted information was linked to the MySQL database

via the class name through entity linking.

Figure 2. Wikipedia “Cholera” infobox

The Antibiotic Guidelines (2017) and Johns Hopkins

ABX (Antibiotic) Guide are considered reliable guiding doc-

uments. Codes 001-139 (infectious and parasitic diseases)

of International Classification of Diseases (ICD-9) [13] is

adopted to recognize the names of infectious disease and

complications, while the named entity recognition (NER) is

employed to extract other knowledge related to infectious

disease. Taking the extraction of symptom and clinical

sign as an example. We first build a symptom corpus

based on the Human Phenotype Ontology (HPO), which

is a standardized vocabulary of phenotypic abnormalities

encountered in human disease. Then we use NegEx [14]

1https://en.wikipedia.org/wiki/List of antibiotics
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to find negation scopes in the patient-entered information,

and identify symptom relevant entities with the help of the

symptom corpus. Finally, the extracted symptom is matched

in the MySQL database to determine whether to retain or

remove it.

The Owlready2 package is used to convert MySQL tables

to OWL ontology. An ontology related to the infectious

disease diagnosis and therapy is thereby generated.

B. Clinical Decision Support Model

The Clinical Decision Model, which consists of disease

diagnosis module and disease therapy module, works based

on the ontology. The ontology helps IDDAT to process the

user’s input, identify the infectious diseases and pathogenic

bacteria, and decide the therapeutic plan.

1) Disease Diagnosis Module: This module attempts to

obtain an etiological diagnosis by analyzing the patient’s

self-examination in the diagnosis stages:

a) High risk options. Patients provide information regard-

ing whether they suffer from kidney low function, whether

they are elderly individuals or infants, and whether they are

pregnant or breastfeeding. If the patient chooses one of these

options, IDDAT will identify as risky case and warn the user

to consult a doctor.

b) Body temperature. Fever can be divided into:

no fever (36∼37.2◦C), low fever (37.3∼38.0◦C), fever

(38.1∼39.0◦C), high fever (39.1∼40.0◦C), and ultra-high

fever (40.1◦C or above). The infectious diseases caused

by different bacteria have different body temperature. For

example, the pathogenic bacteria such as viruses, atypical,

positive bacteria, negative bacteria, enterobacter, nonfer-

menters causes the high fever, fever, high or ultra-high fever,

fever, low fever, and no fever respectively. This step reduces

the possible range of bacteria to Bα.

c) Infection location. Infections can be classified by the

location or organ system that is infected by different types

of pathogenic bacteria Bβ . The identification of infection

locations can further confirm whether the previous step

accurately identifies the type of bacteria. We infer the

relevant bacteria and disease by taking the intersection of

the steps 1.b and 1.c:

Da = map2disease(Bα ∩Bα) (1)

If the infection location cannot be confirmed, the patient

may select “unknown” and proceed to the next step.

d) Symptom and clinical sign. Different symptoms noticed

by a patient reflect the presence of different infectious dis-

eases. In IDDAT, each symptom or clinical sign selected by

the patient increases the probability of illness by 3%. IDDAT

performs disease inference based on selected symptoms and

signs, then provides a list of possible diseases Db.

2pythonhosted.org/Owlready/

e) Complication. Complication indicates the unfavorable

evolutions or consequences occur in certain diseases. The

presence of complications can further distinguish or confirm

the type of infectious disease. For each disease among the

possible diseases obtained in the step 1.d, the presence of

the corresponding complication will increase the likelihood

of illness by 5%.

The diagnosis results is interactively produced by the

aforementioned self-examination steps. A list of possible

diseases will be determined based on the intersection of steps

1.c and 1.d.

D = Da ∩Db (2)

IDDAT will rank the possible infectious diseases in

descending order of probability according to the results

obtained in Eq.(2).

C. Disease Therapy Module
The disease therapy module is used to evaluate the sever-

ity of a disease. After identifying the pathogenic bacteria

and infectious disease, IDDAT attempts to select appropriate

active antibiotics based on the antimicrobial spectrum [14].

For pathogenic bacteria, the antibiotics with a sufficient

action rate (equal to 2 or 3) are considered useful for the

therapy, where 3 is very good, 2 is good, 1 is poor and 0

is inactive. Fig. 3 illustrates the framework of the therapy

module.

a) Antibiotic and drug data compilation.IDDAT identifies

the contraindication between the antibiotics and drugs that

the patient is currently taking, and determines the contraindi-

cation of combined antibiotic therapy. IDDAT provides the

appropriate antibiotics along with a drug introduction from

an authoritative document, including acceptable or unaccept-

able uses, frequency of administration, dosage, etc. IDDAT

will highlight contraindicated antibiotics in red as a warning.

b) Compilation of patient situation and antibiotic. In

Addition to drug-drug interactions, drug contraindications

are also a noteworthy concern specific to certain population.

For example, patients with a history of tendon disorder may

have an adverse reaction to moxifloxacin molecules. The

option selected by the patient will help IDDAT determines

if the patient has contraindications to a certain antibiotic.

IDDAT will highlight contraindicated antibiotics in orange.

c) Final treatment guidelines. IDDAT provides the follow-

ing information as a reference for IDDAT users: possible

infectious disease name, appropriate treatment plan, rec-

ommended antibiotics and corresponding introduction, and

relevant clinical cases or medical records.

III. RESULTS AND DISCUSSION

A. Data set
In the ontology we generated, there are 1,317,018 classes,

7,731,914 axioms, and 1,269,340 inheritance relations in-

volving infectious diseases, antibiotics, syndromes, and other
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Figure 3. Self-selection of infection location, symptoms and complications

relevant knowledge. IDDAT contains 510 infectious diseases

and corresponding treatment methods in combination with

336 different infection locations, 381 types of complications,

942 relevant symptoms of the circulatory, urinary and other

systems, 838,651 types of bacteria, 366 types of antibiotics,

1,511 pairs of antibiotic resistance between bacteria and

antibiotics, 445 pairs of drug interaction relationships and 87

pairs of contraindication for antibiotic-specific population.

B. Performance of IDDAT for Infectious Disease Identifica-
tion

The following is an example of babesiosis diagnosis and

therapy that can be used as a reference for IDDAT users.

Assume that the test user did not specify special patho-

logical or physiological conditions, thereby no alarm of

urgent therapy is triggered. The user first selected his/her

body temperature as “fever”. IDDAT thus excluded diseases

caused by viruses and positive bacteria. The user then

chose any infected locations, including the urinary tract,

abdominal, and gastrointestinal (see Fig. 4 left panel).

Accordingly, possible pathogens included Bacteroides,

Campylobacter, E. coli, Chlamydia, Yersinia, Salmonella,

Candida, Fusobacterium, Pseudomonas, and 10 other bac-

teria.

Based on the symptoms and clinical signs selected by

the user, i.e., abdominal pain and dehydration (see Fig.

4 middle panel), IDDAT identified the following diseases

corresponding with the symptoms:

• Campylobacteriosis: has symptom (fever, headache,

diarrhea, dehydration, dysentery, cramps, abdominal

pain...)

• Chlamydia: has symptom (mucopurulent cervical dis-

charge, dehydration, abdominal pain, pain with sexual

intercourse, fever, pain with urination, urinary urgency,

testicular pain or swelling...)

• Salmonellosis: has symptom (enteritis, diarrhea, fever,

abdominal pain, dehydration, vomiting, hypovolemic

shock, septic shock, oliguria,...)

• Shigellosis (Bacillary dysentery): has symptom (ab-

dominal pain, dysentery, dehydration, diarrhea, fever,

reactive arthritis, seizures...)

• Typhoid fever: has symptom (exhausted and emaciated,

fever, headache, chills, cough, coma, rose spots appear

on the lower chest and abdomen, dehydration, diarrhea,

fever, abdominal pain...)

• Yersiniosis: has symptom (abdominal pain, fever, right-

sided abdominal pain, joint pains, dehydration, diar-

rhea, rashes...)

When the user selected “sepsis” (see Fig. 4 right panel) to

describe complications, IDDAT can almost conclude that the

patient suffers from Campylobacteriosis, since the sepsis was

included in the obvious complications of Campylobacteriosis

while it was not included in the complications of other pos-

sible diseases. Because the user selected the “Terfenadine”

as his/her drug currently in use, the antibiotic Erythromycin

was high-lighted in red as a warning (see Fig. 5). Based

on the identified disease and recommended antibiotics, ID-

DAT read the infectious disease knowledge structured by

the ontology then output the treatment guidelines (e.g.,

corresponding treatment plan, relevant medical records and

antibiotic introduction) via the User Interaction Model (see

Fig. 5).

C. Evaluating IDDAT with ROC curves

A total of 510 infectious diseases are considered in this

study. More than 90% of infectious disease-related medical
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Figure 4. IDDAT therapy information

records are utilized as training set, while 137 randomly

selected medical records involving N infectious diseases (N

= 1 to 137) are used as test sets. The doctors’ diagnoses

of these 137 medical records are compared with the results

output by IDDAT to assess their accuracy.

Rather than evaluating the diagnosis results obtained from

patient-centered self descriptions, we test the diagnostic

classification of IDDAT based on our ontology, IDO, and DO

(infectious disease-relevant knowledge) for the following

reasons. 1) The patient-centered self-description is related to

patient knowledge and subjectivity, the evaluation of which

is difficult to quantify. 2) To our knowledge, none of the

existing antibiotic treatment systems release their source

codes, which makes us difficult to conduct the experimen-

tally comparison.

Receiver Operating Characteristic (ROC) is used to reflect

the accuracy of the diagnostic classification. We adopt dif-

ferent thresholds to determine whether the test data provides

accurate diagnoses based on different ontology. Evaluation

of the diagnosis classifier with the test data presents proba-

bility pairs [P1, P2] that specify a probability of 0 or 1.

Fig. 6 shows the results in terms of ROC curves. The ex-

periments demonstrate that combined application of IDDAT

and our ontology has robust superiority over competitors.

The Area Under the ROC Curve (AUC) is 0.8991, revealing

the effectiveness of IDDAT.

IV. CONCLUSION

This study proposes the IDDAT system for infectious

diagnosis and therapy, that takes into account the charac-

teristics of individual patients. IDDAT’s operation depends

on various ontologies. Technically, a reproducible schema of

Figure 5. ROC chart and AUC for the evaluation of classifiers

DSSs is proposed to identify infectious diseases using the

knowledge structured in an ontology. Practically, the IDDAT

can provide possible references for doctors or ontologists.
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