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We can see for age less than 80 years, females
have shorter re-admission days; for age larger
than 80 years, males have shorter re-admission

all yes and no visits

The hospital readmission rate is a ratio of the number of people who re-admit 30 days after
the last hospital discharge, and it is a metric that both the hospitals and Centers for Medicare
& Medicaid Services (CMS) use often. In this research, we used R language to process data
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The F1 score is used to measure the ability of the binary classifier to classify
positive cases (given a threshold). An F1 score of 1 means that both precision and
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and H20 automated machine learning to predict the 30-day hospital readmission rate from F o ebbe) : . longer lifespan than men. Plot the Label vs recall are perfect, and the model can correctly identify all positive cases and will not
2014 to 2015 for patients older than 65 years. H20 is a machine learning and predictive § EerargsTa me e = - GapRays by gender.(Figure 3) mark negative cases as positive cases. If the precision or recall rate is low, the F1
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hospitals and CMS reduce the costly readmissions Gender : 5 scenario is to predict a product that will run out, you can think that false positives
- We can see for age more than. 7? years, the. ' - are worse than false positives. In this case, you want your predictions to be very
Wh t . HZO 2 separeted have longer readmission days. This accurate and only capture products that will most likely run out.
at Is ’ means that separedted people need more care ® The F2 score is the weighted harmonic average of precision and recall (given
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: H20 is an open source, in-memory, distributed, fast, and and help so that they can spend their later s threshold). Unlike the F1 score, the F1 score has the same weight precision and
Hzo o) scalable machine learning and predictive analytics platform years better. Plot the age vs GapDays by marital recall rate, while the F2 score has a greater weight recall rate (false negative and
that allows you to build machine |earning models on b|g data Status.(Flgure 4) Figure 4: The Label vs GapDays by Marital Status false pOSitive models have h|gher penaltieS). The F2 score is between 0 and 1,
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and provides easy productionalization of those models in an We cannot directly use zipcode as the numerical variable, because zipcode itself has no practical
enterprise environment.” - H20.al meaning. We need to explore the meaning behind the data. Therefore, we use the average
income of different regions to replace zipcode.(Figure 5) formula weight
Auto machine learning Mean income by zipcode Mean Income
In recent years, the demand for machine learning experts has outpaced the supply despite the 0 to 935) F,. =125 (precision)(recall) [) orecision > recall
surge of people entering the field. To address this gap, there have been big strides made in the (935 10 1,864) | 0.25 precision+ recal
development of user-friendly machine learning software that can be used by non-experts. The (1,864 1o 3,349) o ;
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practitioners must apply appropriate data preprocessing, feature engineering, and feature precision+ recal
extraction. After these pre-steps, practitioners must perform algorithm selection and y Figure 9: The Different Formulas in F0.5, F1, F2
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S|mpler solutions that can be created with these solutions and models that are usually manually (Figure 7) from all the actual positive cases (the true positives + the false
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The raw data contains 17 variables. 3 maxfOpoints 0.804110 0927002 263 RMSE: 0. 2873729 ® The false positive rate is more signficant than true negetive rate.(Figure 10) And
AcctNumber An account number represents a unique admission record 4  max accuracy 0.661469 0.896117 159 LogLoss: 0. 2789144 for different medical prOblem’ there .a_re dlﬂ:er.ent reqUIrementS' For example’
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A diagnosis-related group (DRG) is a patient classification system that standardizes prospective payment to hospitals and encourages cost
DRG containment initiatives.*(HMSA) No 30 294 0.907407 =294/324
Figure 6: The Selected Results by Different Threshold in RStudio Figure 7:The Detailed Result of the Optimal Model in AUC
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This model metric is used to evaluate the degree to which a binary classification model
can distinguish between true positives and false positives. AUC of 1 means perfect
classifier, and while AUC of 0.5 means poor classifier, its performance is not better than
random guessing. H20 uses the trapezoidal rule to approximate the area under the ROC
curve. Here is the ROC curve made by different thresholds. What we should do is to
choose one. (Figure 8)
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Figure 10: The Confusion Matrix Based on Auc

In order to satisfy different requirment, there is a simple way to control the balance
bewteen the first error rate and the second error rate by controling the threshold.
Assume that the cost of the first type of error is ten times that of the second type of
error. Index is an indicator of the threshold. Here is line showing the change of total
loss. There is a minmun point, which help hospital to decrese penalty.(Figure 11)

We created a new variable regarding the number of readmissions. When the time interval
between the last discharge date and the next admission date is less than thirty days, we label the
variable “yes”, otherwise, we labeled it “no”.This train data contains 3013 records and 1971
patients, while test data contains 607 records. All the patients are 65 years or older.There are 323
readmissions and 2689 non-readmissions.Compared with the admissions marked as “no” with

True Positive Rate vs False Positive Rate

volatility distribution; with the increase of age, the frequency of the admission labeled as “yes” © - oOOOOQaﬁcﬂGOQG‘g&@f 0
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Figure 8: ROC Curve of Train Data

Figue 11: Loss vs Index



