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[bookmark: _Toc71579257]1. Introduction
Novel coronavirus pneumonia has been swept over in 2020, and medical facilities and beds in China and around the world are very tight. In the face of sudden viruses, healthcare management becomes very important. Healthcare management needs many aspects of data science to analyse, but the prediction of patients' length of stay is an indispensable part. Therefore, it is very important to predict the length of hospital stay. In this data analysis, the healthcare management data set is selected for analysis, and the relationships between the attributes in the healthcare management data set are mined and investigated. This data analysis uses Weka, tableau and python technology to analyse and mine the data, and draws relevant conclusions from different angles.

[bookmark: _Toc71579258]2. The Data Set
The data set selected is primarily about healthcare. This data set is found from Kaggle[1], which is an online community, mainly composed of data scientists and machine learning enthusiasts. The data set is published in a competition released by analytics vidhya[2]. According to the tasks released by the competition, the data set is mainly used to help hospitals predict the length of patients' hospitalization according to the patient's admission status, so as to better allocate medical resources.
The dataset contains four files. The first file is sample_sub.csv, which provides an example of submitting the results of a competition. The file contains 137, 057 records. The second file is test_ data.csv, this file is mainly used for testing, but there is no classification result of length of stay in the file. Competitors need to predict the length of stay in each case in the file, and then submit their own prediction results like the example given in the first file. The official will give the accuracy of the prediction results. The file contains 137, 057 records. The third file is train_ data_dictionary.csv. This file mainly describes the attributes of the training set and test set. The fourth file is train_ data.csv, this file is mainly used for training, and it is also the data source for the analysis and investigation of this report. The file contains 318, 437 records. The specific content of the file is shown in the Figure 1.
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[bookmark: _Ref71567580][bookmark: _Toc71579204]Figure 1 The content of the file
Note: “11月20日” means November 20.
As can be seen from the figure, there are 18 attributes, which will be described below as Table 1.
	Column
	Data type
	Description

	case_id
	Numeric
	Case_ID registered in Hospital

	Hospital_code
	Numeric
	Unique code from 1 to 32 for the Hospital

	Hospital_type_code
	String
	Unique code from a to g for the type of Hospital

	City_Code_Hospital
	Numeric
	City Code from 1 to 13 except 8 and 12 of the Hospital

	Hospital_region_code
	String
	[bookmark: OLE_LINK3][bookmark: OLE_LINK4]Region Code(Z, X, Y) of the Hospital

	Available Extra Rooms in Hospital
	Numeric
	Number of Extra rooms available in the Hospital (from 0 to 14 and 20, 21, 24)

	Department
	String
	Department overlooking the case. There are 5 departments in total, namely radiotherapy, anesthesia, gynecology, TB & Chest disease and surgery.

	Ward_Type
	String
	Code from P to U for the Ward type.

	Ward_Facility_Code
	String
	Code from A to F for the Ward Facility

	Bed Grade
	Numeric
	Condition of Bed in the Ward. The value of it is from 1 to 4.

	patientid
	Numeric
	Unique Patient Id

	City_Code_Patient
	Numeric
	City Code from 1 to 38 except 17 for the patient

	Type of Admission
	String
	Admission Type registered by the Hospital. There are 3 admission types, namely emergency, Trauma and Urgent.

	Severity of Illness
	String
	Severity of the illness recorded at the time of admission. It is divided into 3 types, namely extreme, moderate and minor.

	Visitors with Patient
	Numeric
	Number of Visitors(from 0 to 25 and 30 , 32) with the patient.

	Age
	Numeric
	Age of the patient. It is divided into 10 types, namely 0-10, 11-20, 21-30, 31-40, 41-50, 51-60, 61-70, 71-80, 81-90 and 91-100.

	Admission_Deposit
	Numeric
	Deposit at the Admission Time. It has 7283 different values. The maximum is 11,008 and the minimum is 1,800.

	Stay
	String
	Stay Days by the patient. It is divided into 11 types, namely 0-10, 11-20, 21-30, 31-40, 41-50, 51-60, 61-70, 71-80, 81-90, 91-100 and More than 100 Days.


[bookmark: _Ref71567869][bookmark: _Toc71579229]Table 1 The attributes
[bookmark: _Toc71579259]3. Data Preprocessing
As can be seen from Figure 1, in Microsoft Excel, the value of length of stay is November 20. In fact, the value of November 20 is also included in the age attribute. At the beginning, I wanted to solve this problem by changing the attributes of the table, but changing the attributes of the table will break the CSV storage structure. By using other software to open it, I found that this problem does not exist. It shows that only Microsoft Excel automatically changes the display style, and no adjustment will not affect the experiment. Using panda toolkit [3], the extracted content is shown in Figure 2.
Since Microsoft Excel will automatically switch to date format, the subsequent preprocessing steps are processed using python.
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[bookmark: _Ref71568318][bookmark: _Toc71579205]Figure 2 The content of the file in Pandas
First, we get the basic information in the CSV, as is shown in Figure 3.
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[bookmark: _Ref71568571][bookmark: _Toc71579206]Figure 3 The basic information about CSV
From the Figure 3, 113 records are missing the “Bed Grade” value, and 4532 records are missing “City_ Code_ Patient” value. After removing the records containing missing values, there are 313, 793 records, that is, 4645 records containing missing values, accounting for about 1.4% of the total records of the dataset. Because the proportion is relatively small and the data quantity is relatively sufficient, the direct deletion will not have a great impact on data analysis and investigation. Therefore, the records containing missing values are deleted, as is shown in Figure 4.
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[bookmark: _Toc71579207]Figure 4 The basic information about CSV deleted the records
After preprocessing, the CSV file can be directly imported into Weka. After importing into Weka, the CSV file can be saved as ARFF file. The specific operations are as follows: after importing the CSV file, select save... which is on the top right, and then enter the file name and select the file type to save to complete the conversion and saving of the file. The specific operation is shown in the Figure 5.
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[bookmark: _Ref71569651][bookmark: _Toc71579208]Figure 5 File conversion
ARFF file header is as follows:
@relation train_cope
@attribute case_id numeric
@attribute Hospital_code numeric
@attribute Hospital_type_code {c,e,b,a,f,d,g}
@attribute City_Code_Hospital numeric
@attribute Hospital_region_code {Z,X,Y}
@attribute 'Available Extra Rooms in Hospital' numeric
@attribute Department {radiotherapy,anesthesia,gynecology,'TB & Chest disease',surgery}
@attribute Ward_Type {R,S,Q,P,T,U}
@attribute Ward_Facility_Code {F,E,D,B,A,C}
@attribute 'Bed Grade' numeric
@attribute patientid numeric
@attribute City_Code_Patient numeric
@attribute 'Type of Admission' {Emergency,Trauma,Urgent}
@attribute 'Severity of Illness' {Extreme,Moderate,Minor}
@attribute 'Visitors with Patient' numeric
@attribute Age {51-60,71-80,31-40,41-50,81-90,61-70,21-30,11-20,0-10,91-100}
@attribute Admission_Deposit numeric
@attribute Stay {0-10,41-50,31-40,11-20,51-60,21-30,71-80,'More than 100 Days',81-90,61-70,91-100}
[bookmark: _Toc71579260]4. Data Visualisation
After the data set is converted to ARFF format, the file can be imported into Weka. The interface after successful import is shown in the Figure 6.
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[bookmark: _Ref71570366][bookmark: _Toc71579209]Figure 6 The interface
Because of case_ id and patientid are used to determine the uniqueness of each record, so they are not suitable for this stage of analysis. Data visualization is shown in the Figure 7.
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[bookmark: _Ref71570562][bookmark: _Toc71579210]Figure 7 Data visualization in weka
As you can see from the Figure 7, the peak value of Admission_Deposit is about 4700, and the distribution of both sides is relatively uniform. The Department attribute is mostly concentrated on a certain value. Through investigation, it is found that the value “gynecology” accounts for most of the proportion, indicating that most patients in the data set are assigned to the department of genecology. The disease symptoms of most patients are similar to those treated by the department. Ward_ Type is mainly concentrated in three types, namely R, S, Q. Trauma accounts for about half of the Type_of_Admission. Moderate accounts for more than half of the Severity of Illnes. Through the data display of stay, it can be seen that most patients stay in hospital for 0-60 days.
[bookmark: _Toc71579261]5. Data Analysis
Question 1: Are there any patterns in the dataset?
In order to find the dependency relationship between attribute groups in data set, association rules are used for analysis.
In this round of experiments, we mainly use the Associate module in Weka. Remove the attribute cases irrelevant to this analysis, such as case_ id and patientids. There are 16 attributes left, which are Hospital_ code，Hospital_ type_ code，City_ Code_ Hospital，Hospital_ region_ code，Available Extra Rooms in Hospital，Department，Ward_ Type，Ward_ Facility_ Code，Bed Grade，City_ Code_ Patient，Type of Admission，Severity of Illness，Visitors with Patient，Age，Admission_ Deposit and Stay.
This analysis uses the Apriori algorithm, which is the most classic algorithm in association rule mining algorithm. It uses the iterative method of layer by layer search to find out the relationship of itemsets in the database, so as to form the rule[3].
First, import the preprocessed data into Weka as before.Because the data type is to be nominal data type when mining association rules in Weka, it is necessary to convert the numeric data type to nominal data type. This process can be completed in Weka's filter. Select Filter -> Choose -> Weka -> unsupervised > attribute > NumericToNominal, and then click Apply to complete the data conversion, as is shown in the figure below.
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[bookmark: _Toc71579211]Figure 8 Data conversion
After data conversion, click Associate, select Apriori algorithm, and then start analysis. The analysis results are shown in the Figure 9
[image: ]
[bookmark: _Ref71572292][bookmark: _Ref71572308][bookmark: _Toc71579212]Figure 9 Associate analysis one
It can be seen from the above Figure 9 that a total of 10 rules have been found, mainly focusing on city_ code_ hospital, ward_ facility_ code and hospital_ region_ code. According to the first nine rules, it can be seen that there are corresponding relationships between the value of city_ code_hospital which is 1, the value of ward_ facility_code which is e and the value of hospital_ region_code which is X. The specific analysis is as follows: the city which the number is 1 is in the area which the number is X. The hospitals located in the city which the number is 1, the number of ward facility is e, and vice versa. The last rule shows that the hospital in the city which the number is 2, the number of hospital type is B.
From the above analysis, it can be seen that association rules are concentrated in three attributes such as city_ code_ hospital, ward_ facility_ code and hospital_ region_ code, so in the next step of association rule analysis, these three attributes are removed and then other attributes continue to be analysed. The analysis results are shown in the following Figure 10
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[bookmark: _Ref71573240][bookmark: _Toc71579213]Figure 10 Associate analysis two
It can be seen from the above Figure 10 that the type of hospital which the number is 26 is B.
In the next analysis, the hospital_code and hospital_ type_code are removes. The experimental results are shown in the Figure 11.
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[bookmark: _Ref71573529][bookmark: _Toc71579214]Figure 11 Associate analysis three
As can be seen from the above Figure 11, no association rules between attributes are found in this analysis, which indicates that the confidence of the remaining 11 attributes in association analysis is lower than 0.9. In order to explore whether there are association rules with confidence higher than 0.8 in the remaining attributes, adjust the minimum confidence of Apriori to 0.8, and the adjustment interface is shown in the Figure 12.
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[bookmark: _Ref71573723][bookmark: _Toc71579215]Figure 12 The interface of adjusting the confidence
After adjusting the minimum confidence, the analysis results are as Figure 13
[image: ]
[bookmark: _Ref71574078][bookmark: _Toc71579216]Figure 13 Associate analysis three
According to the results in Figure 13, the result of infer is that the Department value is gynecology. According to the initialization of Weka, we can know that the Department value which is gynecology accounts for a large part of the Department (about 76%). Therefore, the association rules with confidence lower than 90 cannot be stated that there is a correlation between the attributes.
Based on the above analysis, it can be seen that there is a higher confidence association rule between city_code_hospital, Ward_facility_code and hospital_region_code, which is mainly manifested in the strong correspondence between the values ​​of the three. For example, the ward facility number of hospital located in the city which the number is 1 is E and The city number of the hospital which ward facility number is E is 1. Hospital_code and hospital_type_code also have association rules with higher confidence. However, there are no rules related to the remaining 11 attributes.
Question 2: Is there any relationship between the fees paid at the time of admission and the degree of illness judged at the time of admission?
The fees paid at the time of admission are generally considered to be related to the degree of disease judged at the time of admission. The more severe the disease, the higher the fees paid at admission are generally considered. In order to further explore whether there is a relationship between the two, this analysis uses tableau visualization for analysis.
[bookmark: OLE_LINK10][bookmark: OLE_LINK11]First, use Weka to sort the fees paid on admission from small to large, and the top 10 records with lower fees are shown in the Figure 14.
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[bookmark: _Ref71574879][bookmark: _Toc71579217]Figure 14 The top 10 records with lower fees
The top 10 records with higher fees are shown in the Figure 15.
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[bookmark: _Ref71574990][bookmark: _Toc71579218]Figure 15 The top 10 records with higher fees
From the ranking results, it can be seen that in the top 10 with lower fees, the value of Severity of Illness is Extreme accounting for the most, and among the top 10 with higher fees, the value of Severity of Illness is Moderate accounting for the most. This is somewhat different from the previous idea. In order to further understand the relationship between them, the following will use tableau visualization for analysis, the visualization results are as Figure 16.
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[bookmark: _Ref71575270][bookmark: _Toc71579219]Figure 16 The sum of Admission Deposit
The Figure 16 shows the total of fees paid for admission to hospitals with different degrees of disease. It can be seen from the figure that Severity of Illness which is Moderate is the highest sum of fees paid on admission, and Severity of Illness which is Extreme is the lowest sum of fees paid on admission. Through the initial view of Weka, it is known that the number of people who take a value in Severity of Illness also has the same ranking. Due to the large difference in the number of people and the small difference in hospitalization fees, the ranking of the total fees paid for admission is mainly determined by the number of people. In order to further discover the relationship between the two, it should take the average and median of the admission fee for each value of Severity of Illness. The average visualization result is shown in Figure 17, and the median visualization result is shown in Figure 18.
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[bookmark: _Ref71575739][bookmark: _Toc71579220]Figure 17 Average of Admission Deposit
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[bookmark: _Ref71575749][bookmark: _Toc71579221]Figure 18 Median of Admission Deposit
From the above visualization, it can be seen that the more severe the disease, the lower the average fee paid at the time of admission. This is exactly the opposite of our initial thoughts.
Question 3: Is there any relationship between the severity of the patient's disease and the number of patients accompanying the patient?
Since the number of Severity of Illness varies greatly, to know the relationship between the severity of a patient's disease and the number of accompanying patients, we still need to analyse the average number of accompanying patients of different disease levels. The visualization results are shown in the Figure 19.
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[bookmark: _Ref71575941][bookmark: _Toc71579222]Figure 19 Average of Visitors with Patient
From the above picture, we can see that the more severe the patient's illness, the more people will be accompanied. Therefore, the severity of the patient's disease is related to the number of patients accompanied by the patient.
Question 4: Whether the severity of the disease is related to the length of hospital stay.
Generally speaking, the more severe the patient’s disease, the longer the hospital stay. In order to further clarify the relationship between the two, tableau is also used for visual analysis. The Figure 20  shows the data display between Severity of Illness and Stay. It can be observed from Figure 20 that the length of hospitalization with a Severity of Illness value of Minor is generally 11-30 days, and a small number of hospitalizations are longer than 80 days. The length of hospital stay with Severity of Illness value of Moderate is rarely 61-70 days and 91-100 days. What is more surprising is that most hospitalizations with a Severity of Illness value of Extreme last for 11-40 days.
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[bookmark: _Ref71576329][bookmark: _Toc71579223]Figure 20 The count of the severity of Illness
In order to further clarify the proportion of the length of hospital stay for each different disease severity, continue to use tableau to visualize the pie chart. From Figure 21, it can be found that inpatients with More than 100 Days are Extreme accounted for the largest proportion of the three severity levels. The inpatients with 11-20 days are Minor accounted for the largest proportion of the three severity levels.
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[bookmark: _Ref71576558][bookmark: _Toc71579224]Figure 21 The pie chart
Question 5: Can the patient’s hospital stay be predicted based on the previous attributes?
The above 4 questions visually analyse the attributes between the data sets and explore the relationship between the attributes. However, the main purpose of this data set is to predict the length of hospitalization of patients, so it is also a very important question whether to predict the length of hospitalization of patients based on attributes. The data set divides the length of hospital stay into 11 categories, so predicting the length of hospital stay of the patient is transformed into a classification problem. Through classification, the length of the patient's hospital stay can be derived.
Therefore, when exploring this problem, the classification tool in weka is used, and the algorithm used is J48. J48 is a classification decision tree algorithm, which predicts the data by classifying the data.
In this analysis, a total of three experiments were carried out. The three experiments set different Percentage Split ratios, and the three experiments were 50%, 65%, and 90%. The experimental results are shown in Table 2.
	Percentage split
	Correctly Classified
	Incorrectly Classified

	50%
	36.1851%
	63.8149%

	65%
	36.3732%
	63.6268

	90%
	36.397%
	63.603%


[bookmark: _Ref71576910][bookmark: _Toc71579230]Table 2 The result of classification using J48
The experimental results with a percentage split of 90% are shown in Figure 22.
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[bookmark: _Ref71577026][bookmark: _Ref71577058][bookmark: _Toc71579225]Figure 22 The result of percentage split 90%
It can be found from the above table that the more training data, the higher the accuracy of classification. However, from the perspective of the accuracy of classification, the accuracy of the classification model is low, and the classification result is not reliable. Therefore, in order to obtain a higher accuracy rate, it is necessary to change to other classification models for further exploration.
Because weka occupies a high amount of memory, the virtual memory space of the JVM has been adjusted many times, but the experiment still cannot be continued, so the technology platform is replaced, and the python and sklearn toolkit are used for classification.
In order to better classify, the original data needs to be further processed. First, convert the non-numeric data in the data set into a numeric data type. In the preprocess, each age group is represented by a number, that is, "0-10" is represented by 0, "11-20" is represented by 1, "21-30" is represented by 2, and "31-40" is represented by 3, "41-50" is represented by 4... "91-100" is represented by 9. Similarly, the length of hospital stay contains 11 different values, which represent 11 different lengths of hospital stay. In the  preprocess, each length of hospital stay is represented by a number, that is, "0-10" is represented by 0, 11-20" is represented by 1, "21-30" is represented by 2, and "31-40" is represented by 3... "91-100" is represented by 9 and "More than 100 Days" is represented by 10. Using the same method, the non-numeric data in Hospital_type_code, Hospital_region_code, Department, Ward_Type, Ward_Facility_Code,  Type of Admission, Severity of Illness and Age is converted into numeric data. The converted data is shown in Figure 23.
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[bookmark: _Ref71577570][bookmark: _Toc71579226]Figure 23 The content of converted data
In order to know the correlation between the predictor variable, that is the length of hospital stay, and the target variable, that is, other attributes, a heat map method is used. This method can not only obtain the correlation between the predictor variable and the target variable, but also find out whether there is multicollinearity between the variables. The heat map is shown in Figure 24 .
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[bookmark: _Ref71577676][bookmark: _Toc71579227]Figure 24 The heat map
It can be seen from the above heat map that the three attributes of city_code_hospital, ward_facility_code and hospital_region_code analyzed in the association rules are also highly correlated in the heat map. It is worth noting that the correlation between Visitors with Patient and Stay reached the highest 0.54. Since case_id and patientid are used to determine the uniqueness of each record, they are also removed in this analysis. Due to the relatively large range of data, in order to better classify, use the standardization tools in the sklearn toolkit to standardize the data, and then use the RandomForestClassifier model to classify the data. 
The results are shown in Table 3.
	Correctly Classified
	Incorrectly Classified

	42%
	58%


[bookmark: _Ref71577997][bookmark: _Toc71579231]Table 3 The result using RandomForestClassifier
The confusion matrix diagram is shown in Figure 25.
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[bookmark: _Ref71578072][bookmark: _Toc71579228]Figure 25 Confusion matrix
From the above results, it can be found that using RandomForestClassifier  can improve the accuracy, indicating that this data set is more suitable for dividing by this method. Due to computer configuration and other reasons, the experiment time of using other methods is longer, so the experiment is not being carried out.
[bookmark: _Toc71579262]6. Reflection
This investigation and analysis of the data set used a total of 3 technologies, weka, Tableau and python. Many conclusions have been obtained by using these three techniques to analyse the data set.
The data preprocessing part mainly uses python-related tools to process the missing data values ​​in the data set. Since the data set is a competition data set, the first step of preprocessing the data set is relatively easy. However, Microsoft Excel will automatically convert some data when displaying it. It took some time to process the data at the beginning. In fact, these data do not need to be processed and are displayed normally in other software.
After the preprocessing is completed, the data is analysed for association rules. This part mainly uses weka for analysis. In the process of analysis, I further became familiar with and understood the algorithm of association rule analysis in Weka, and reached some relevant conclusions. Although these conclusions are not very helpful to medical and health management, because the data is desensitized, there is a clearer understanding of the relationship between the data.
Next, the data was analysed visually, mainly using Tableau tools for analysis. Tableau can display data more clearly than weka. At the same time, Tableau is more operable and can better analyse the relationship between data. In the process of analysis, what surprised me was the data set. The more serious the patient's disease, the lower the average fee when admitted to the hospital. Because it is generally believed that the more serious the disease, the lower the fee that should be paid, so the result of this analysis surprised me. It may be that the data set is not detailed enough for the classification of hospitalization days, and it is difficult to find the relationship between the patient's disease severity and hospitalization days from the visualized results. Although some conclusions can be drawn, there is no obvious division of different disease severity. At the same time, through the initialization visualization of Weka, it can be found that the data set is unbalanced, which means that a certain category is particularly large, while some categories are particularly small, which causes a certain degree of difficulty in data analysis, because the number of certain categories is too large. More or too little will affect the analysis of the relationship between the attributes.
Finally, the length of hospital stay was predicted using Weka's j48 and python respectively. According to the data set, the prediction problem is transformed into a classification problem. Although the accuracy of the result is not high, the accuracy is improved through different models. I think that because of the unbalanced data, it will be more difficult to classify the length of hospital stay. Then due to computer configuration reasons, a more complex model is not used to predict the data set. I think that using a neural network model for classification may achieve better results.
Through this data analysis, I have become more proficient in the use of two tools, weka and tableau. At present, these two tools are used very frequently in data analysis. The proficient use of these two software should help me solve problems related to data analysis in the future.
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