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There has been a significant increase in reported cases of adverse vaccine effects due to the unprecedentedly high
vaccination rates resulting from the COVID-19 pandemic. To efficiently manage this vast amount of information
concerning not only COVID-19 vaccines but also various other vaccinations, the United States operates and manages
the Vaccine Adverse Event Reporting System (VAERS). In this study, we proposed methods for extracting and
preprocessing text data on medical history and allergies from the VAERS dataset, which can be used to predict post—
vaccination adverse effects of COVID-19 vaccines. We structured the text data, grouped individual medical history as
well as allergy, and thus created a dataset reflecting individual characteristics by utilizing both large language model
(LLM) and various text extraction algorithms. Extracted text data on medical history and allergies can facilitate the
understanding of COVID-19 adverse effect of vaccines and serve as key data for effectively responding future

adverse reactions.
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“Extract all words from the {data tokenized from the
list of VAERS Medical History}, which indicate the same
disease as {Ahamad’s Medical History}.”
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{“diabetes’, ‘type 2 diabetes’, ‘dm’,
‘2dm’, ...}

Abnormal Blood {*hypotension’, ‘high blood pressure’,
Pressure (54,388) ‘hypertension’, ...}
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Obesity (10,708) [‘obesity’, ‘overweight’, ‘calories’, ...]
Depression (15,287) [‘depression’, ‘depressive disorder’, ...]
Thyroid Disorder [‘hypothyroidism’, ‘hypothyroid’, ...]
(24,832)
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Anemia (4,595)
Dementia (2,164)
Cancer (11,784)

[‘anemia’, ‘iron deficiency anemia’, ...]
[
[
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[‘m
[

dementia’, ‘alzheimer’s’, ...]
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cancer’, ‘lung cancer’, ‘myeloma’, ...]
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(6,143)

Pain Symptoms (28,083) | [‘pain’, ‘chronic pain’, ‘back pain’, ...]
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“Extract all words from the {data tokenized from the
list of VAERS Allergies}, which fall under the category
of {top 11 Allergies}.”
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Sulfa (28,903) [‘sulfa’, ‘sulfa drugs’, ‘sulfonamide’, ...]
Penicillin (34,467) [‘penicillin’, ‘pen’, “penicillins’, ...]
Food allergies [‘banana’, ‘peanut’, ‘wheat’, ...]
(18,245)
Seafood_and_Shellfish | [‘shrimp’, ‘lobster’, ‘crab’, ‘squid’, ...]
(9,346)
Morphine (5,238) {'morphine', 'morphia’, 'morphinum’, ...}
Codeine (9,968) {'codeline', 'codelin', 'codeine’', ...}
Latex & Rubber [‘latex’, ‘rubber’]
(9,762)
Amoxicillin (7,451) ‘amoxicillin’, ‘amoxi’]
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Erythromycin (3,876) erythromycin’]

Dust (3,091) dust’]

[
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[
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Mold (2,568) ‘mold’, ‘mite’, ‘dustmite’]
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