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Abstract

Psychiatric drugs are a class of central nervous system stimulants with a high number of reported adverse drug
reactions, ranking among the top five drug classes for adverse events. Pharmacovigilance (PV) is a crucial process
for identifying, evaluating, and preventing potential adverse events. This process is complex, time-consuming, and
dependent on the experience and analytical knowledge of medical personnel. Therefore, this study aims to develop
a model for analyzing the severity of Adverse Drug Reactions (ADRs) using Machine Learning. The process includes
model preprocessing, feature selection, and learning data sets. Five machine learning techniques were applied:
K-Nearest Neighbors, Linear Support Vector Machine, Logistic Regression, Random Forest, and Artificial Neural Network.
The evaluation of model performance using various techniques showed that the Artificial Neural Network model

performed best in classifying the severity of ADRs. The model’'s performance, evaluated using Stratified 10-Fold Cross
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Validation, yielded an accuracy of 80.60% and an overall efficiency of 77.85%. The model demonstrated a strong ability

to classify cases with moderate to severe ADRs as well as non-ADR cases. The key features that contributed to the

model’s effectiveness in classifying severity include the relevance of PRN or LNC medication administration, receipt

of high-alert drugs, history of allergies, ward type, ICD code F250 (main disease), diagnostician, season (winter),

urgency, and patient condition upon arrival at the hospital.

Keywords: Adverse drug reaction, Machine learning, Pipeline technique, Feature selection
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Figure 1 Model framework
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Table 1 Comparison of ADR-related factors with related work

Related Work 1 2 3 4 5 6 *This Work

Patient related factors

Age

Gender

Maternity status

Fetal development

2 | 2| 2| <2 | <

Body weight and fat distribution

Height

Birthplace

Occupation

2L |2 |2 | 2| <2

Educational status \/

Patient’s disease factors

Major of psychiatric diseases

Psychiatric comorbidities

Congenital diseases \/ \/ \/

< | 2| 2| <

Multiple disease \/

Creatinine clearance category \/

Blood pressure \/

Social factors

Alcohol drinking \/ \/

<
2

Race and ethnicity
Smoking \/ \/ \/

Drug related factors
Allergy \/ \/ \/

Polypharmacy

2
2
2

Drug dose and frequency \/

Chief complaint

Drug group \/

Route of administration

Duration of using drug

<L | 2| 2| 2| <2
<

Product type
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Table1  Comparison of ADR-related factors with related work (cont.)

Related Work

4 5 6 *This Work

Source of product

Probability

Seriousness type

< | 2| < |

Other factors

Diagnostician

<
<

Department of report

2

Season

Hospital admission status

Refer out

Condition of arrival to hospital

Urgency

Number of electrotherapy treatments

Patient Rights

Ward type

Number of missed appointments

2 |2 |22 | <2 | <

Remark: 1= Alomar (2014), 2 = 394N NRFTWRUT (2561), 3 = LINT LADTINY WAZNITANT LITABIUNA (2563), 4 = Igbal (2021),
5 = Sisay & Wami (2021), 6 = Guo et al., (2022)

Table 2 Data characteristics of related features

Feature ID Feature Name Data Type Description
Patient related factors
A Gender Categorical Male, Female
A, Age Numerical 9 - 85 Years Old
A3 Birthplace Categorical Bangkok, Chonbuiri, ...
A4 Educational status Categorical Primary education, ..., Master’s degree, Not specified
A5 Occupation Categorical Agriculturist, Pensioner, ..., Unemployed, Not specified
A6 Weight Numerical 30 - 165 Kilogram
A Height Numerical 83 - 190 Centimeter
Patient’s disease factors
B1 ICD Major diseases Categorical E221, FO30, ..., G20, ..., M4781, ..., Z251
B2 Number of comorbidities Numerical 0-5
B3 Diabetes Categorical 0=No, 1=Yes
B4 Hypertension Categorical 0=No, 1=Yes
85 Heart disease Categorical 0 =No, 1 =VYes
B6 Dyslipidemia Categorical 0=No, 1=Yes
B7 Chronic kidney disease Categorical 0=No, 1=Yes
B3 Cancer Categorical 0 =No, 1 =Yes
B Stroke Categorical 0=No, 1=Yes
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Table 2  Data characteristics of related features (cont.)
Feature ID Feature Name Data Type Description
Bw Thyroid Categorical 0=No, 1=Yes
B11 Number of congenital diseases Numerical 0-5
B12 Systolic blood pressure Numerical 47 - 194
B13 Diastolic blood pressure Numerical 37 - 999
Social factors
C1 Alcohol drinking Categorical Give up drinking, Drinking
C2 Smoking Categorical Never, Still smoking or have quit smoking for less than 1 month, Quit
smoking for at least 1 month.
Drug related factors
D1 Allergy Categorical No, Yes
D2 Receiving high-alert drugs Categorical No, Yes
D3 Relevance on the administration of Categorical Relevant, Not relevant
PRN or LNC medication
Other factors
E1 Diagnostician Categorical Nurses, Doctors, Pharmacists, Medical students, Lab
E Condition of arrival to hospital Categorical Walking, Seeing a doctor, Wheelchair, Stretcher
E3 Urgency Categorical Emergency, General, Expressway
E4 Number of electrotherapy treatments Numerical 0-184
E5 Patient rights Categorical Government Or State Enterprise Officer, Pay themselves, Universal
Coverage Scheme, Social Security Scheme, others
E6 Ward type Categorical Acute, Cohort, OPD, Sub Acute
E7 Number of missed appointments Numerical 0-185
E8 Season Categorical Rainy, Summer, Winter
Output factor
Y Severity Categorical Not ADR (y1), Mild (yz), Moderate (ya), Severe (y4)
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Figure 4 Comparing the accuracy at different K-values between 1 and 92 of the K-Neighbors classifier technique.

Table 3

Comparing different K values for each technique gives the highest accuracy.

Machine Learning Technique

Number of Features (K)

Highest Accuracy

KNeighborsClassifier 22 79.99
LinearSVC 32 79.38
LogisticRegression 32 79.38
RandomForestClassifier 18 79.99
Artificial Neural Network 24 80.60
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