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Abstract—This electronic Pharmacovigilance with AI helps to
trace possible adverse events among the vaccinated population.
The symptom pattern discovery from the vaccinated population
obtained through post-vaccination surveys provides insights for
medical practitioners to study the possibility of adverse events
among  vulnerable populations. This work contains
postvaccination survey data from an Indonesian national referral
hospital with 840 instances, 6 categorical input features, and 15
binary target attributes. As there were multiple symptoms as a
target, multi-target classification algorithms experimented on the
dataset. The inadequate sample size resulted in poor performance
of the algorithm. To improve model prediction performance, the
target was converted into binary format. The population that
exhibited at least one symptom is considered symptomatic by the
binary classification models. The supervised machine learning
model of test train split (80% - 20%) produced 89% accuracy with
a decision tree classification algorithm in the classification of
symptomatic or non-symptomatic patients.

Keywords- Machine learning; Pharmacovigilance; Supervised
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L INTRODUCTION

Covid 19 pandemic brought the necessity of emergency
vaccination among the world population [1,2]. Vaccinated
populations are prone to a variety of symptoms post-shot [3].
Medical practitioners obtain surveys on a large scale to study the
behavior and symptom pattern post-vaccination. Manual
interpretation of patterns among a large group is highly
timeconsuming and could lead to bias. Sometimes hidden
patterns are missed in the process of manual pattern discovery.
Hence, autonomous pattern discovery methods that can discover
hidden patterns are considered potential solutions to predict
adverse events. In the process of predicting adverse events, they
adopt pharmacovigilance techniques in pattern discovery [4].
The process involves a clinical survey, statistical inference, and
pattern recognition. Collection and evaluation of such samples
on a large scale become complex and the time incurred in the
process may outdate the prediction. Hence, an automation
pipeline is required to perform data collection, transformation,
and learning simultaneously in a cloud environment. As the
number of samples increases, the patterns become more
complex for manual pattern discovery. In
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modern forecasting and prediction systems, the advantage of
employing machine learning models has simplified the
process involved. Machine learning methods can capture
hidden relationships among variables and form distinct
patterns to predict the outcome with a lesser error rate. The
quality of a machine learning algorithm relies completely on
the quality of the dataset. The cleaner the data, the more
distinct the patterns would be. Factors that could affect the
quality of a dataset are missing values, outliers, class
imbalance, insignificant attributes, data collection anomalies,
etc. Covid 19 vaccination dataset is a real-time dataset that
could possess all the above data anomalies. Particularly data
collection anomalies are highly impactful on the results.
These anomalies could happen due to differences in
equipment, differences in lab setup, atmosphere, and other
potential variations in the medium of a collection. In such
cases, discovering patterns from such datasets becomes non-
reliable. Hence, it is important to consider the data, that was
collected from the same data collection center. To ensure
environmental anomalies are avoided.

II. PROBLEM STATEMENT

In Pharmacovigilance, Al is deployed in drug discovery
and drug performance analysis due to its ability to bring
everything related to the ETL process into one stage. Covid
19 tracking dashboards trained with historical records are the
validation source for vaccine performance post-shots. Hence,
it is necessary to study the practical difficulties involved in
building a machine-learning solution to the real-time vaccine
data that are prone to high levels of noise.

In this research work, the performance of machine
learning methods was tested in three criteria 1. Multi-target
classification 2. Binary classification 3. Binary classification
with feature selection. Further results are evaluated to
generate insights.

III. LITERATURE REVIEW
Before you begin to format your paper,

The emergence of covid 19 as a deadly disease, urged
researchers to find potential ways to find reliable solutions to
prevent, cure and track the disease. To track vulnerable
populations with machine learning methods [1] had done an
elaborate review on machine learning and applications in
covid tracking. The work discussed various machine learning
methods including Deep learning methods that could serve
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the purpose of early diagnosis. Similar work was done in [2]
where three machine learning models: Neural Networks,
Random Forest, and Classification regression Trees
performance were reviewed in various environments
including SPSS 25 and Javabased statistical processor
(JASP). The work claims machine learning models exhibit
poor target prediction due to laboratory anomalies in the data
collection phase. A review on Pharmacovigilance and
opportunities in the field are reviewed in [4]. The importance
of data collection in machine learning is emphasized in the
above reviews. There are multiple works available in the
literature in the Covid-19 disease tracking.

Vaccination drives happened in many countries and recorded
post-vaccination symptoms like Fever, body pain, headache, etc.
The pattern of symptoms is recorded and analyzed in multiple
works. In 2021, an Indonesian National referral hospital
released a covid 19 post-vaccination dataset [3]. Data analysis
was performed on the vaccinated population to find statistical
patterns. In the data on the post-vaccination symptoms, there are
multiple target attributes which makes it a multi-output
classification problem. In literature, multi-output classification
models were used in problems of Predictive maintenance [5].
The same strategy could be tried on the postvaccination dataset
[3]. The machine learning models could follow strategies like
tree-based learning, Ensemble learning, Vector based learning,
Lazy learning, probabilistic learning, and Function based
learning. However, if the target groups undergo data imbalance,
the results could get affected.

IV. DATASET

The dataset [3] used in this work is the survey data obtained
from the hospital staff of Dr. M. Djamil Hospital Padang, a
national referral hospital in Indonesia. The collection of data
happened through an online questionnaire mode, assessing
COVID-19 vaccination side effects between 9th February 2021
and 13th February 2021.

Table 1. The attribute information of the post-vaccination
dataset

Attributes Count
Inputs ‘Sex’ 6
'Age’
'Professions’
'Education’

'Living Area’

'Symptoms_time'

Symptoms ‘Swelling’ 15
'Redness’

'Itching’

'Fever'

'Headache'
'"Muscle_Pain'
'Tiredness'

'‘Coughing’

'Diarrhoea’

'Nausea & vomiting
'‘Breathlessness’
Joint_Pain'

'Fainted'
'"Anaphylactic_Reaction’
'Tingling'

Among the vaccinated population, the most common symptoms
reported were muscle pain (40%), tiredness (36%), and
headache (22%). Other symptoms like Swelling, Coughing,
Tingling, Diarrhea, Redness, Fever, Nausea and vomiting, Joint
Pain, Breathlessness, Anaphylactic Reaction, and Fainting were
noticed in moderate to lower numbers. In the obtained samples,
no one reported ‘itching’ as a symptom in post-vaccination. As
the ‘itching’ attribute does not have any impact on the data, it is
ignored by the target. The statistics discussed are visualized in
Fig.1.
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Fig.1. Symptom distribution among the vaccinated population

Among the vaccinated population in the survey, 62.14% of them
had at least one symptom post-vaccination. 37.86% of the
population realized no symptoms at all.
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Fig.2 Distribution of symptomatic and non-symptomatic
population

Table 2. Cohorts’ analysis on combinations of symptoms

Cohorts Count %
Only Muscle Pain 110 21.07
Only Tiredness 65 12.45
Muscle Pain+Tiredness 45 8.62
Headache+Muscle Pain+ 42 8.05
Tiredness

Only Headache 19 3.64
Headache+Tiredness 17 3.26
Headache+Muscle Pain 13 2.49
Only Swelling 12 2.30
Muscle Pain+Swelling 11 2.11

As shown in Table 2, the symptom combination has a huge
data imbalance. Due to this approach, this problem as a
multitarget classification becomes the worst solution. To
overcome the class imbalance due to the scattering of
symptoms, a generic binary target attribute was created with
conditions ‘symptomatic’ or non-symptomatic.

Symptomatic: At least one symptom is true
Non-Symptomatic: All symptoms are false

The distribution of the symptomatic and non-symptomatic
population is displayed in Fig.2.

V. PROPOSED SOLUTION

As the dataset has a huge class imbalance, a three-phase
modeling experiment was proposed.

In the first phase, the modeling experiment was conducted
on the whole data sample with 840 instances with 101 unique
symptom combinations with the multi-target classification
model.

As the results were not in acceptable ranges, a second phase
experiment was conducted on a filtered population with the
condition (a minimum of 10 counts should be there per
combination). This resulted in a sample size of 470 instances
with 48 unique combinations. It means out of 101 total unique
symptom combinations, only 48 symptom combinations had a
count greater than or equal to 10.

The result of Phase 2 was better than phase 1, still, due to the
huge number of classes in the target, the patterns were not
captured well by the model. Hence, multi-target classification
models were not performing as expected. Another experiment
was conducted by creating a sample with symptoms that had >=
25% samples each. Though the performance improved in certain
training o

To overcome the issue in Phase 3, the target attribute of the
dataset was feature engineered into a binary column with the
symptomatic and non-symptomatic assumptions as discussed in
section IV. The performance evaluation of the results of the
models was detailed in section VI.

VI. EXPERIMENTAL RESULTS AND DISCUSSIONS

The proposed three-phased model experiments were carried
out in a Python environment in Google cloud. The metrics of
evaluation used in this work include Accuracy, Precision, recall,
and Delta. The formulas of the metrics are listed as follows

Accuracy = (TP+TN)/(TP+TN+FP+FN) (1)

In short, accuracy is the measure of finding rightly predicted
instances among the total number of instances. Higher the
accuracy, the better the model. However, considering only
accuracy as a measure for validation is not recommended.

Abbreviations of the above notations are
TP - True Positive

FP- False Positive

TN- True Negative
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FN- False Negative
Delta = Train accuracy - Test accuracy 2)

Delta is the difference between Train and test accuracy
scores. Lesser the difference, the better the model provided
accuracy is above the threshold.

Precision = TP/ (TP+FP) (3)

Precision is the score of correctly classified positive
instances among total positive instances as classified by the
model.

Recall = TP/(TP+FN) “)

The recall is the score of correctly classified positive
instances among actual positive instances in the dataset.

Table 3. Phase 1 Prediction results with all symptoms

Metric= Target: All Symptoms (15)

Accuracy

Algorithm Training Testing
(80%) (20%)

Decision Tree 0.55 0.14

Gaussian 0 0

Naive Bayes
Random Forest 0.54 0.2
K-Nearest 0.26 0.2
Neighbour
MLP Perceptron 0.32 0.13

When all 15 symptoms are considered as targets, the
accuracy of prediction in both test and train delivered underfit
models. The reason behind the worst performance was the huge
class imbalance that led to poor pattern discovery in the training
phase. Poor training models lead to poor training results. In
other words, there are scanty samples available in the dataset for
each unique combination which leads to poor training and
testing accuracy. The models are in the underfit category due to
this reason. To improve the accuracy of the model, the class
imbalance among unique combinations should be addressed. On

the other hand, the symptoms that are rare among the population
can be trimmed to prevent diversion from broad patterns.

To improve the accuracy of symptom prediction, the feature
importance approach is deployed to choose features that have an
influential position in prediction. A statistical filterbased
approach that picks features with at least 10 values is used to
pick features.

Swelling 32

Headache 110
Muscle Pain 247
Tiredness 195

Coughing 18
Tingling 10

A second experiment was carried out on the selected
symptoms listed above. The results are analyzed to check for
any significant improvement.

Table 4. Phase 2a - Prediction results with selected symptoms
with at least 10 counts

Metric=Accuracy Target: Selected Symptoms
(>=10 counts each)
Algorithm Training Testing
(80%) (20%)
Decision Tree 0.58 0.21
Gaussian 0.01 0.02
Naive Bayes
Random Forest 0.57 0.22
K-Nearest 0.31 0.15
Neighbour
MLP Perceptron 0.40 0.21

Though the result shows improvement in numbers, the
model remains underfit. Hence, the feature importance was
refined with a criteria minimum of 25% of representation, and
the modeling experiment was carried out.
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Table 5. Phase 2b- Prediction results with selected symptoms
with at least 25% samples.

Metric=Accuracy Target: Selected Symptoms
(>=25% samples each)

Algorithm Training Testing

(80%) (20%)
Decision Tree 0.70 0.23
Gaussian 0.07 0.05
Naive Bayes
Random Forest 0.70 0.30
K-Nearest 0.40 0.29
Neighbour
MLP Perceptron 0.58 0.27

The performance of the models with a minimum 25% class
representation was better than n=15 and the Sample size >=10.
Still, the delta between the training and testing performance
shows a huge negative number.

Due to these practical difficulties in real-time datasets, multi-
target classification remains a challenge for modeling. Hence,
patterns discovered from such models are non-reliable.

To overcome the data imbalance problem, the multi-targets
are converted into binary targets and a modeling experiment was
carried out for various split ratios of random state 42.

Table 6. Performance of the binary classification models are
tabulated - Accuracy & Delta

| Split Ratio 90%-30% 80%-20% 70%-30% 60%-40%

Algorithm |Train |Test Delta |Train |Test |Delta|Train |Test|Delta|Train |Test |Delta
DT 0.87| 0.80| 0.07| 0.89| 0.77| 0.12| 0.88/ 0.70| 0.18| 0.88| 0.75| 0.13
GNB 0.40| 0.40| 0.00| 0.39| 0.43|-0.04| 0.40| 0.36| 0.04| 0.41| 0.38| 0.03
RF 0.87| 0.80| 0.07| 089 0.76| 0.13| 0.87| 0.73| 0.14| 0.88| 0.80| 0.08
ENN 0.82| 0.70| 0.12| 0.82| 0.77| 0.05( 0.81|0.70| 0.11 0.82| 0.77| 0.05
MLP 0.82| 0.80| 0.02| 0288 0.78| 0.10| 0.80| 0.86| -0.06| 0.82| 0.87| -0.05

DT-Decision tree, GNB- Gaussian Naive Bayes, RF-
Random Forest, KNN- K-Nearest Neighbours, and MLP -
Multi-Layered Perceptron.

In the above table, better accuracy was produced by
MultiLayered perceptron, Decision Tree, and Random Forest.
The performance has far improved due to the handling of the
class imbalance in this experiment. Compared to previous
experiments, the delta between the train and test scores remains
lower and the accuracy measure is comparatively higher. Hence,
the model created in the final experiment is taken as a better fit.
The recall and precision scores of the final experiment were
studied for further validation. The results were tabulated as
follows

Table 7. Performance of the binary classification models are
tabulated - Precision & Recall

Split 90-30% 80-30% 70-30% 60-40%
Algorithm |precision Recall Precision Recall Precision Recall Precision Recall

DT 0.83 0.83 0.9 0.64 0.8 0.63 0.86 0.72
GNB 0 o 0 0 0 0 0 0
RF 0.83 0.83 0.85 0.79 0.79 0.79 0.77 0.84
KNN 0.7 0.71 0.92 0.86 0.77 0.73 0.78 0.88
MLP 0.9 1 0.92 0.86 0.94 0.84 0.91 0.88

The precision and recall rates analysis help to check the
false-positive rates among the classified results. From Table 7,
it was observed that the MLP Neural network model produced
higher precision and recall with the least false-positive rates.
The Gaussian Naive Bayes model underperforms all other
models with a 0 score for precision and recall. It means none of
the instances is correctly classified as positive due to bias toward
the Negative class.[11] The models taken in these experiments
work with default parameters provided by sklearn. Tuning the
hyperparameters could improve the precision and recall scores.

VII. CONCLUSION

In real-time scenarios like vaccination adverse effects where
multiple symptoms were recorded as targets, it is not possible to
construct a single classification model to predict all symptoms
at one go due to a huge imbalance in the unique patterns’
population. The experiments conducted to support the claim,
conclude that huge pattern imbalance delivered worst-fit models
which were not reliable for real-time prediction. Alternatively,
building multiple models for multiple symptoms would increase
the number of prediction models, and hence, model
management becomes a complex task. To ease the model
management and simultaneously improve the accuracy of
prediction, in the proposed method, a generic binary target
attribute was created, which in turn improved the accuracy of
prediction with better fit and better delta values. However,
scrutinizing the data further with attribute selection, the test of
significance, and better data wrangling methods could further
improve the model.

In future work, an additional layer could be added to the
model architecture, where the symptomatic population could be
further studied for generating personas and tracking patterns of
symptoms.
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