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Binary-Relevance-based Multi-Label Classification using Medical
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Abstract

The objective of this study is to explore the potential of building an artificial intelligent model with medical
examination data from construction site workers to predict health status in terms of multiple illnesses. The data set,
collected from 601 field workers, consists of 82 features and 9 illness labels. Given that an individual may be
diagnosed with multiple illnesses, the Al model adopts a binary relevance-based multi-label classification approach.
Various classification algorithms were trained through grid search-based hyperparameter tuning to select the optimal
model. This is the first study to apply artificial intelligence models using large-scale medical examination data to
identify suspected complex illnesses in construction and manufacturing workers.
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Table 1. Features and disease labels

Term Element

body mass index, blood pressure
(diastolic/export), waist circumference,
platelet count, obesity, weight,
Main features [triglycerides, height, uric acid, creatinine,
urinary specific gravity, T4, splenocytes,
B/C ratio, HDL, BMD, CPK, HbAfc,
TIBC, etc.

obesity, liver disease, hypertension,

diabetes, kidney disease, dyslipidemia,

cardiovascular disease, musculoskeletal
imbalance, stress
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Table 2. Confusion matrix for binary classification

Predicted:
Negative(N) Positive(P)
Negative | True Negative False Positive
(N) (TN) (FP)
Actual:
Positive | False Negative | True Positive
(P) (FN) (TP)
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Table 3. Algorithm-specific hyperparameters in grid search

Algorithm Range of hyperparameters
LR C: [0.01, 0.1, 1],
solver: 'newton-cg’, 'Ibfgs’, liblinear’]
C: [0.1, 1, 10],
SWM kernel’: ['poly’, 'rbf’, 'sigmoid’],
gamma”: ['scale’, 'auto’]
RE n_estimators: [100, 150, 200],
min_samples_leaf: [1, 2, 3]
leaming_rate=[0.001, 0.01, 0.1],
GB min_samples_split=[2, 3, 4],
n_estimators=[50, 100, 150]
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Table 4. Performance results of multi-label classification evaluated with the test data set

Best
algorithm
. ‘min_samples_leaf: 1,
Obesity RF _estimators”: 150 0.9583 0.7667 0.8519 0.9890
learning_rate” 0.1,
Liverdisease GB 'min_samples_split 2, 0.8824 06818 0.7692 0.9798
'n_estimators’: 100
'learning_rate’: 0.1,
Hypertension GB 'min_samples_split 2, 0.7143 0.5556 0.6250 0.9821
'n_estimators’: 100
learning_rate”s 0.1,
Diabetes GB 'min_samples_split 2, 0.0000 0.0000 0.0000 09744
'n_estimators’: 50
‘learning_rate’: 0.01,
Kidneydisease GB ‘'min_samples_split”: 2, 1.0000 0.5833 0.7368 1.0000
‘n_estimators: 100
‘learning_rate™ 0.1,
Dyslipidemia GB "'min_samples_split": 3, 0.0000 0.0000 0.0000 0.9744
'n_estimators’: 50
‘C: 1,
'solver’: 'newton—cg’
'learing_rate” 0.001,

lliness Hyperparameters PR RC F1 SP

Cardiovascular disease LR 0.0000 0.0000 0.0000 0.9832

Mﬂfﬁgg’:ﬁifta' GB 'min_samples. split: 2, 07273 | 10000 | 08421 00000
'n_estimators’: 50
‘C: 10,
Stress SWM ‘gamma’”: ‘scale’, 0.3438 0.2973 0.3188 0.7500

'kernel’: 'sigmoid’
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