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Abstract. Overcrowding in receiving patients, medical examinations,
and treatment for hospital admission is common at most hospitals in
Vietnam. Receiving and classifying patients is the first step in a medical
facility’s medical examination and treatment process. Therefore, over-
crowding at the regular admission stage has become a complex problem
to solve. This work proposes a patient classification scheme representing
the text to speed up the patient input flow in hospital admission. First,
the Bag of words approach has been built to represent the text as a vector
exhibiting the frequency of words in the text. The data used for the eval-
uation were collected from March 2016 to March 2021 at My Tho City
Medical Center - Tien Giang - Vietnam, including 230,479 clinic symp-
tom samples from admissions and discharge office, outpatient depart-
ment, accident, and Emergency Department. Among learning approaches
used in the paper, Logistic Regression reached an accuracy of 79.1%
for stratifying patients into ten common diseases in Vietnam. Besides,
we have deployed a model explanation technique, Locally Interpretable
Model-Agnostic Explanations (LIME), to provide valuable features in
disease classification tasks. The experimental results are expected to sug-
gest and classify the patient flow automatically in the hospital admission
stage and discharge office to perform the patient flow in the clinics at
the hospitals.

Keywords: Hospital admission - Bag of words - Explanation - Clinic
symptom - Disease classification

1 Introduction

Receiving and flowing patients into hospital clinics is a rather complicated mat-
ter. In [1], the authors stated that “long waiting times became an important
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part of the perception of a general health care crisis”. For most hospitals in Viet-
nam, patients have to wait for a long time' for hospital admission procedures.
Although some solutions have been proposed to reduce and pre-arrange appoint-
ments with the doctors’?, almost all people still tend to crow at the hospital for
their health care services. In hospitals, the idea of designing arrangements and
suggestions for flowing patients to the medical clinics accurately and quickly
helps to increase work efficiency. Usually, in the morning in most hospitals,
patients wait for reservations, especially in outpatient departments, accident,
and emergency departments, receiving and flowing patients into appropriate
hospital clinics to help patients avoid fatigue and minimize conflicts between
patients and between patients and medical staff. Receiving patients and flowing
patients to clinics in the hospital to diagnose diseases corresponding to signs
and clinical symptoms helps avoid wasting time on medical examination and
treatment of doctors and patients. Because if the patient’s flow is not accurate,
the doctor must operate to transfer the patient’s room, which is both laborious
and time-consuming for the doctor and the patient.

In recent years, the development of machine learning in health care has made
significant progress. As a result, machine learning applications have a wide appli-
cation area, especially supporting and comprehensive care of people’s health.
For example, numerous applications are related to personal health monitoring
[2-8] to reduce disease risk, early detection of modern diseases such as cancer,
cardiovascular disease, help reduce costs and prolong life, help patients com-
ply with medication, monitor disease progression. Machine learning is applied in
critical areas of medicine: in clinical decisions, electronic health records, diagnos-
tics, medical robots, personalized medicine, medical examination, and treatment
management. The progressive application of machine learning in healthcare can
improve access to healthcare and the quality of healthcare.

In this work, to develop an automatic patient classification based on symp-
toms in the text to speed up admission at hospitals, we propose leveraging the
Bag of words (BOW) model primarily to generate word features from the text.
After converting the text into BOW, we have deployed Term Frequency - Inverse
Document Frequency (TF-IDF) [9] to determine the importance of a word in
the text to extract the features which are input for machine learning algorithms
to perform the classification tasks. Then, we use machine learning algorithms
to diagnose ten diseases based on the set of symptoms. After obtaining the
learning from models, we have proceeded with an explanation model technique,
Local Interpretable Model-agnostic Explanations (LIME) [10], to extract insights
in data, including keywords for disease diagnosis. Finally, the experiments are
evaluated on the dataset, including 33,024 health record samples at the Health
Center of My Tho City - Tien Giang - Vietnam, with ten common diseases in
Vietnam.

! http://baodongnai.com.vn/xahoi/201702/thoi-gian-cho-kham-chua-benh-con-qua-
lau-2781882/index.htm, accessed on 01 May 2021.

2 https://nhandan.vn/tin-tuc-y-te/thi-diem-dat-lich- truc-tuyen-rut-ngan-nua-thoi-
gian-kham-chua-benh--643125/, accessed on 10 May 2021.
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The rest of this article is as follows. Section 2, we introduce some related
work. Section 3, we represent the data for the experiment. Section 4 presents and
illustrates our proposed method while Sect. 5 reveals, evaluate the experimental
results. The conclusions are rendered in Sect. 6.

2 Related Work

One of the challenges in hospitals today is to make the right decisions to flow
patients from the admissions and discharge office to the clinics in the hospital
and reduce patient waiting times. Therefore, using machine learning algorithms
in the analysis and support of medical staff to perform patient flowing brings
more satisfactory results. Furthermore, advances in machine learning algorithms
and big data have allowed artificial intelligence to replace humans gradually.

The scientists have proposed a vast amount of research on proposing early
diagnosis, improving patient flow in hospitals, and achieving positive results. For
example, the study in [11] proposed to improve streaming patients in a hospital
emergency department.

Numerous studies have attracted patient classification tasks based on symp-
toms. In [12], the authors performed quantitative exploration of symptoms using
Chi-square test, association with LASSO for analysis to conduct the symptoms of
COVID-19 patients. The study in [13] analyzed the Parent-Reported Symptoms
to propose efficient treatment for children. The authors in [14] evaluated and
experimented on voice features for the Dysphonia-based classification of Parkin-
son’s Disease. The authors in [15] provided a living with uncertainty method
that mapped the transition from pre-diagnosis to a diagnosis of dementia. The
work in [16] deployed the (TF/IDF), Bag of words (BOW) to analyze symp-
toms on COVID-19 clinical text data. Finally, the work in [17] applied standard
text categorization methods for exploring patient text. The proposed aimed to
predict treatment outcomes in Internet-based cognitive-behavioral therapy.

With the BOW and TF/IDF achievements, our work has deployed these
approaches to analyze the patient clinical symptoms of 10 diseases in the text
at the Health Center of My Tho City - Tien Giang, Vietnam. We combine the
obtained vector with meaningful attributes in the patient’s medical examination
and treatment data to build a model to classify patients into common diseases
for hospital admission.

3 Dataset Description

This research examined the PatientAdmission dataset, with 230,479 samples
containing the information: age, gender, clinical symptoms of the patient to pro-
pose building a machine learning model, which supports the implementation of
automatic classification diseases and decision to flow patients to hospital clinics.
Data were collected from March 2016 to March 2021 from the Medical Center of
My Tho City - Tien Giang - VietNam, from the admissions and discharge office,
outpatient department, accident, emergency department, and related reports.
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Table 1. Information on the considered dataset with the number of samples

No. | Disease name Total of samples
1 | Neoplasms 16271
2 | Endocrine, Nutritional and metabolic diseases 38672
3 | Diseases of the eye and adnexa 18443
4 | Diseases of the circulatory system 37782
5 | Diseases of the respiratory system 41888
6 | Diseases of skin and subcutaneous tissue 7044
7 | Diseases of the musculoskeletal system and connective tissue | 35427
8 | Diseases of the genitourinary system B212 17503
9 | Pregnancy, childbirth and the puerperium 3666

10 | Injury, poisoning and certain other consequences of external | 13783

causes

Data are manually or semi-automatically retrieved patient information (the
QRCode in the health insurance card). The dataset includes patient’s age (AGE
field), patient’s gender 1 Male, 0 Female (SEX field), and CLINICAL SYMP-
TOMS field. Clinical symptoms were noted by the medical staff who received
the patient when the patient was declared at the admission and discharge office.
The patient’s clinical symptom data may contain information about physical
fitness, abnormal vital signs, symptoms, and manifestations before and during
hospital arrival. ID_DISEASES field is about a patient’s type disease that is
recognized after being examined, treated by a doctor, and identified with the
patient’s ICD10- disease code, a group of diseases that includes many diseases, a
type disease that includes many groups of diseases. In the table of data, there are
ten considered common type diseases which were recorded in Vietnam hospitals
(exhibited in Table1).

4 Methods

The overall architecture for proposed hospital admissions is exhibited in Fig. 1.
The data are extracted from medical information systems® at the Health Center
of My Tho City - Tien Giang, Vietnam and divided into training and test set.
Feature engineering is performed with the BOW technique on the training set
to provide a word vector containing a dictionary that includes words extracted
from clinical symptoms and signs described in pre-diagnosis records when the
patients are admitted into the hospital. Then, we use the TF-IDF [9] method to
calculate the value for features which are words included in the BOW extracted
from the training data. Finally, we use the training set is fetched into learning
algorithms to build a model for evaluating the test set. Details of methods are
introduced in the following sections.

3 https:/ /hotrovnpthis.wordpress.com/, accessed on 01 May 2021.
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Fig.1. The proposed architecture for patient classification based on symptoms
description

The BOW model is a wording technique implemented in natural language
processing. More specifically, text representation is the Bag of words. In this
model, BOW disregarding grammar but keeping multiplicity [1]. Let us consider
the following example:

(1) Jong has a bad headache. Ronaldo also has a bad headache.
(2) Nadal is going to the doctor for a headache

Considering these texts, we see that a list of words is generated as follows for
each text:

“Jong 7, “has “,“a”, “bad”, “headache”, “Ronaldo “, “also”

“Nadal”,“is”, “going”, “to”, “the”, “doctor”, “for”, “a”, “headache”

Representing each BOW as a JSON object as follows:

B1 = “Jong”:1,“has”:2,“a”:2, “bad”:2, “headache”:2, “Ronaldo”:1,“also”:1

B2 = “Nadal”:1,%is”:1,“going”:1,“t0”:1, “the”:1, “doctor”:1, “for”:1,“a”:1,
“headache”:1

In order to represent text, each word can be represented as the key of the
BOW model, while it corresponds to the value of the number of occurrences and
the order of the words that can be ignored:

“Jong”:1,“has”:2,“Ronaldo”:1,“also”:1,“a”:2, “bad”:2,“headache”:2 also B1.

When the dataset is a few hundred documents, we can see that the dictionary
can range from a few tens of thousands of words to a few hundred thousand
words. Therefore, the number of dimensions obtained after transforming BOW
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is vast. Some machine learning models like Naive Bayes handle it inefficiently. To
overcome, we can use the method of reducing the number of data dimensions. The
reduction method can select the most important words to distinguish one text
from another or the dimensionality reduction method. However, this reduction
step often causes information loss, reducing the accuracy of the classifier after
implementation.

We transformed the text with Term Frequency - Inverse Document Frequency
(TF-IDF) which is considered as a robust numerical statistic tool to reveal essen-
tial words in a text document|[9].

After applying such these approaches with BOW and TF-IDF, we fetch
transformed into learning algorithms such as Random Forest, Support Vec-
tor Machines, Logistic Regression, and Multinomial Naive Bayes with hyper-
parameters as presented in Table 2. In comparison with various learning meth-
ods, we use accuracy, precision, recall, fl-score, and Gini score.

Table 2. Information of hyper-parameters use in the training phase

Machine learning algorithm | Hyper-parameters

Logistic Regression C: 1.0, penalty: 11

SVM C: 10, gama: 0.0001, kernel: rbf

Decision Tree Criterion: gini, max depth: 450

Multinomial Naive Bayes Default value: Laplace/Lidstone smoothing
value of 1.0

Random Forest Criterion: gini, max depth: 450, max

features: auto, 750 trees

5 Experimental Results

5.1 Setting

This study used a PC Windows 10 Home Single Language 64 bit with a CPU of
28 cores Intel(R) Xeon(R) CPU E5 - 2680 v4 @ 2.4 GHz and 96 GB of RAM that
is a sufficiently responsive hardware environment to test the proposed algorithm.
The experiment code for all the models is available through python that supports
several libraries, such as Sklearn [18], Matplotlib [19], and Pandas [20,21].

5.2 Disease Classification Task with Various Algorithms

In Table 3, we compare performance among considered classifiers. As observed,
Logistic Regression reveals the best result while Multinomial Naive Bayes
exhibits the worst one.

In the above analysis, using the Logistic Regression algorithm to achieve the
best results with measures Accuracy = 79.1%, Precision = 79.9%, Recall = 79.1%,
F1 = 79.5%, Gini = 92.1% and time 159s. Multinomial Naive Bayes algorithm
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Table 3. The disease classification performance performed by various learning
approaches. The bold results are the best results among the considered learning algo-
rithms

Method ACC (%) | Precision (%) | Recall (%) |F1 (%) | Gini(%) | Time (s)
RandomForest 78.6 79.3 78.6 78.9 89.7 9009
SVM 78.0 78.7 78.0 78.3 88.8 237
Decision Tree 74.0 74.9 74.0 74.4 70.6 481
Multinomial Naive Bayes | 72.7 75.1 72.7 73.9 88.7 46
Logistic Regression 79.1 79.9 79.1 79.5 92.1 159

achieved the lowest results with the measures Accuracy = 72.7%, Precision =
75.1%, Recall = 72.7%, F1 = 72.5%, Gini = 88.7% and time 246 s.

The algorithms SVM, Random Forest gives results with a reasonably high
Accuracy measure of more than 78%. The algorithm’s Decision Tree gives results
with the measures accuracy = 74%.

5.3 Analysis of Disease Symptoms

Some interesting analyzes from the dataset when using the LIME technique
to analyze important words affecting type disease classification performed by
Logistic Regression shown in Figs. 2 and 3.

Prediction probabilities i i i
ediction pro s Text with highlighted words

diabetes

7 [ Joo9o 032 Patients history diabetes mellitus typ2 Hypertension.

10 [0.01 typ2 . provincial treatment Insulin. multiple urination, paralysis

i melis limbs.
s i

history
|

Other | 0.00

limbs
004
Insulin
1

provincial

treatment

Fig. 2. Use LIME to Explain the prediction of Logistic Regression and display the
words symptoms description that can be key word to describe the disease

We extract the essential features in the above classification model, important
information that dramatically affects the patient classification process is shown
in the patient’s blood pressure and temperature measurements, this shows the
possibility of when measuring body temperature, measuring blood pressure when
asking the patient at the admissions and discharge office, the model predicts the
possibility of having the disease.
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Fig. 3. Use LIME to Explain compare the importance of words affecting data
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Fig. 4. Confusion matrix of prediction results with Logistic Regression
We reveal the confusion matrix in Fig.4 of Logistic Regression, where we

obtain the best results. Because we have an imbalanced dataset, the classes are
not represented equally. The model is perfect for classes: 3 and 5 with more than
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Fig. 5. ROC curve

90% accuracy, and suitable for classes: 2, 7, 8, 9 with more than 80% accuracy,
not suitable for class 1 with 68% accuracy (the indexes of classes correspond to
No. in Table1).

Figure5 illustrates experimental results of Logistic Regression in another
metric, ROC curve. The curve of 10 diseases is above the diagonal, demonstrating
that the model is good.

6 Conclusion

We have presented a method to solve automatic patient input flowing. Our
research is based on a combination of representing text by the BOW model
and data classification algorithms. The BOW model is built quickly to represent
the text as a vector of occurrence frequency of words in the text with the num-
ber of dimensions is very large. Incorporating other patient-specific information
allows efficient classification of this data set. The proposed approach provides
an automated way of patient flow in the hospital to improve healthcare in the
future.
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