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Abstract: Purpose: Medical records classification using vectorization techniques plays an important role in natural
language processing. The purpose of this study was to investigate proper vectorization techniques for electronic med-
ical records classification. Material and methods: 403 electronic medical documents were extracted retrospectively
and classified using the cosine similarity calculated by Scikit-learn (Python module for machine learning) in Jupyter
Notebook. Vectors for medical documents were produced by three different vectorization techniques (TF-IDEF, latent
sematic analysis and Word2Vec) and the classification precisions for three vectorization techniques were evaluated.
The Kruskal-Wallis test was used to determine if there was a significant difference among three vectorization tech-
niques. Results: 403 medical documents were relevant to 41 different diseases and the average number of documents
per diagnosis was 9.83 (standard deviation=3.46). The classification precisions for three vectorization techniques were
0.78 (TF-IDF), 0.87 (LSA) and 0.79 (Word2Vec). There was a statistically significant difference among three vec-
torization techniques. Conclusions: The results suggest that removing irrelevant information (LSA) is more efficient
vectorization technique than modifying weights of vectorization models (TF-IDE Word2Vec) for medical documents
classification.

Key words: Natural language processing, Medical records classification, Vectorization techniques, Machine learning,
Latent semantic analysis
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Table 1. Descriptive statistics of medical documents
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Table 3. The precision differences between three groups
(post-hoc analysis)

Analysis methods P-value
LSA 0.001
TF-IDF

Word2Vec 0.736

TF-IDF 0.001

LSA

Word2Vec 0.003

TF-IDF 0.736

Word2Vec

LSA 0.003

Diagnosis N Percentage (%)
Adhesive capsulitis 15 3.72
Lateral epicondylitis 15 3.72
Plantar fasciitis 15 3.72
Knee osteoarthritis 15 3.72
Trigger finger 15 3.72
Hand osteoarthritis 15 3.72
Lumbar spinal stenosis 14 3.47
Carpal tunnel syndrome 14 3.47
Gouty arthritis 14 3.47
Cervical spinal stenosis 13 3.26
Etc.(31) 258 64.01
Total (41) 403 100

E 2.4 714 whgel] mhE U ] 24
Table 2. The precision comparison between three groups

Precision
TF-IDF LSA Word2Vec
Average 0.789 0.876 0.792
Standard deviation  0.160 0.151 0.173
P-value 0.001
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