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Objectives  The aim was to find effective vectorization and classification models to predict a psychiatric diagnosis from text-based
medical records.

Methods Electronic medical records (n = 494) of present illness were collected retrospectively in inpatient admission notes with
three diagnoses of major depressive disorder, type 1 bipolar disorder, and schizophrenia. Data were split into 400 training data and 94 in-
dependent validation data. Data were vectorized by two different models such as term frequency-inverse document frequency (TE-IDF)
and Doc2vec. Machine learning models for classification including stochastic gradient descent, logistic regression, support vector
classification, and deep learning (DL) were applied to predict three psychiatric diagnoses. Five-fold cross-validation was used to find an
effective model. Metrics such as accuracy, precision, recall, and F1-score were measured for comparison between the models.

Results  Five-fold cross-validation in training data showed DL model with Doc2vec was the most effective model to predict the di-
agnosis (accuracy = 0.87, F1-score = 0.87). However, these metrics have been reduced in independent test data set with final working
DL models (accuracy = 0.79, F1-score = 0.79), while the model of logistic regression and support vector machine with Doc2vec showed
slightly better performance (accuracy = 0.80, F1-score = 0.80) than the DL models with Doc2vec and others with TF-IDF.
Conclusions  The current results suggest that the vectorization may have more impact on the performance of classification than
the machine learning model. However, data set had a number of limitations including small sample size, imbalance among the catego-
ry, and its generalizability. With this regard, the need for research with multi-sites and large samples is suggested to improve the ma-
chine learning models.
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Psychiatric diagnosis.
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Table 1. Demographic information of the subjects

MDD BP1 Schizophrenia
(n =300) (n=291) (n=103)
Age 48.55 + 20.61 39.04 + 15.94 38.45 + 12.46
Sex, n (%)
Male 86 (28.7) 32(35.2) 40 (38.8)
Female 214 (71.3) 59 (64.8) 63(61.2)
Marital status, n (%)
Married 139 (46.3) 29 (31.9) 34(33.0)
Unmarried 107 (35.7) 52(57.1) 65 (63.1)
Divorced, 54 (18.0) 10(11.0) 4(3.9)
widowed
Education, n (%)
Elementary 73 (24.3) 7(7.7) 4 (3.9)
school
Middle school 44 (14.7) 3(3.3) 8(7.8)
High school 114 (38.0) 40 (44.0) 41 (39.8)
College 69 (23.0) 41 (45.1) 50 (48.5)

Data represent mean * standard deviation for age. MDD : Mo-
jor depressive disorder, BP1 : Type 1 bipolar disorder
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Table 2. The number of cases which had the words indicating psychiatric disorders in each subgroup

MDD (n = 300) BP1 (n=91) Schizophrenia (n =103)  Total (n = 494)

Number of cases which had only a single word, n (%)

R 43(14.3) 7(7.7) 6(5.8) 56 (11.3)

g7l 2(0.7) 00 0(0) 2(0.4)

‘2EF 00 1(12.1) 00 1 (2.2

e 00 1(1.1) 00 1(0.2)

Oy 0(0) 2(2.2) 0(0) 2(0.4)

Rl 7 (2.3) 0(0) 9(8.7) 16 (3.2)

Yy 2(0.7) 1(1.1) 2(1.9) 5(1.0)

‘AT 00 0(0) 00 00
Number of cases which had two words concurrently, n (%)

235 and ‘2EF 00 222 00 2(0.4)

&5 and &)’ 1(0.3) 00 00 1(0.2)

&3 and ‘BEy’ 1(0.3) 0(0) 1(1.0) 2(0.4)

2% and ‘S 0(0) 1(1.1) 0(0) 1(0.2)
Number of cases which had three words concurrently, n (%)

93 and '2&F and ‘2EY’ 00 1. 0(0) 1(0.2)
Total number of cases which had any words, n (%) 52 (17.3) 17 (18.7) 16 (15.5) 85(17.2)

MDD : Major depressive disorder, BP1 : Type 1 bipolar disorder
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Fig. 1. Flow diagram of text-classification based machine learning for psychiatric diagnosis using present illness of admission records.
ML : Machine learning, SGD : Stochastic gradient descent, LR : Logistic regression, SVM : Support vector machine, DL : Deep learn-

ing, TF-IDF : Term frequency-inverse document frequency.
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Table 3. Metrics of each vectorization method and machine learning model

ML Models
Metrics TF-IDF DOC2VEC
SGD LR SVM SGD LR SVM DL
Train set (5-fold CV) Accuracy 0.73 0.61 0.79 0.82 0.85 0.84 0.87*
Precision
MDD 0.73 0.61 0.79 0.84 0.87 0.89 0.90*
BP1 0.52 0 0.70 0.91* 0.89 0.84 0.85
Schizophrenia 0.74 0 0.87 0.76 0.78 0.71 0.83*
Micro-average 0.73 0.61 0.79 0.82 0.85 0.84 0.87*
Recall
MDD 0.98 1.00 0.95 0.97* 0.97* 0.93 0.96
BP1 0.31 0 0.47 0.53 0.63 0.66 0.78*
Schizophrenia 0.37 0 0.62 0.67 0.70 0.72* 0.72*
Micro-average 0.73 0.61 0.79 0.82 0.85 0.84 0.87*
Fl1-score
MDD 0.83 0.75 0.86 0.89 0.92* 0.91 0.93
BP1 0.38 0 0.56 0.66 0.73 0.73 0.81*
Schizophrenia 0.47 0 0.72 0.71 0.73 0.71 0.76*
Micro-average 0.73 0.61 0.79 0.82 0.85 0.84 0.87*
Test set Accuracy 0.78 0.61 0.78 0.78 0.80* 0.80* 0.79
Precision
MDD 0.83 0.61 0.83 0.89 0.89 0.91* 0.91*
BP1 0.69 0 0.75 0.79* 0.77 0.73 0.79*
Schizophrenia 0.67* 0 0.63 0.54 0.58 0.60 0.54
Micro-average 0.78 0.61 0.78 0.78 0.80* 0.80* 0.79
Recall
MDD 0.91 1.00* 0.91 0.84 0.89 0.86 0.86
BP1 0.65* 0 0.53 0.65* 0.59 0.65* 0.65*
Schizophrenia 0.50 0 0.60 0.70 0.70 0.75* 0.70
Micro-average 0.78 0.61 0.78 0.78 0.80* 0.80* 0.79
Fl1-score
MDD 0.87 0.75 0.87 0.86 0.89* 0.88 0.88
BP1 0.67 0 0.62 0.71* 0.67 0.69 0.71*
Schizophrenia 0.57 0 0.62 0.61 0.64 0.67* 0.61
Micro-average 0.78 0.61 0.78 0.78 0.80* 0.80* 0.79

# . The best metric among the models. TF-IDF : Term frequency-inverse document frequency, ML : Machine learning, SGD : Sto-
chastic gradient descent, LR : Logistic regression, SVM : Support vector machine, DL : Deep learning, CV : Cross-validation, MDD :

Major depressive disorder, BP1 : Type 1 bipolar disorder
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Table 4. Confusion matrices of LR, SVM, and DL

Predicted labels

Actual labels

MDD BP1  Schizophrenia Actual total

LR

MDD 51 1 5 57

BP1 2 10 5 17

Schizophrenia 4 2 14 20

Predicted total 57 13 24 94
SVM

MDD 49 2 6 57

BP1 2 11 4 17

Schizophrenia 3 2 15 20

Predicted total 54 15 25 94
DL

MDD 48 2 7 57

BP1 1 12 4 17

Schizophrenia 4 2 14 20

Predicted total 53 16 25 94

LR : Logistic regression, SVM : Support vector machine, DL :
Deep learning, MDD : Major depressive disorder, BP1 : Type 1
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