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INTRODUCTION 
Historically, postnatal length of stay for mother-newborn has decreased from 4 days in the 1970s1 to as soon as day-of-birth discharge in recent years2–5. This decrease is due to factors such as changes in childbirth culture6–8, hospital need for beds9,10, insurance reimbursement11,12, and cost11,13. With increasing concern for mother-newborn safety, Congress passed the Newborns’ and Mothers’ Health Protection Act of 1996 (NMHPA) 14, mandating insurance coverage for a minimum hospital stay of 48 hours post vaginal birth and 96 hours post Cesarean section for mother-newborn. Discharge before these time limits is allowed with simultaneous agreement between mother and attending physician15. 
Considerable debate remains about early discharge 16,17. At the time the NMHPA was passed, both the safety as well as the possible danger of early discharge was inconclusive because research was underpowered with improper study design 18–21. However, because of concerns for serious complications such as kernicterus as well as lack of assurance that early discharge did not cause adverse outcomes, the AAP & ACOG called for strict pre-discharge care and post-discharge follow up 22 until definitive evidence emerges18.  More recently, a Cochrane review17 studying early postnatal discharge stated that its pooled randomized trials did not have adequate power to detect increases in rare outcomes, including infant readmissions, and that additional research is warranted.
Critics of the NMHPA argue that mandating a specific length of inpatient hospital stay (up to 48 hours) does not expose the clinical features most relevant to avoiding morbidity and may be inefficient regarding establishment of continued breastfeeding 13,21,23. Some have calculated that the number of patients needed to stay 72 hours to avoid 1 readmission may be as high as 232 or 86613,24. When infant readmission does occur, it incurs a significant financial burden. For all infants readmitted within one year of birth in New York in 2008, the cost was $79.3 million, and 98,437 bed days with the highest rate of readmission during the first 30 days of life 25. The same study found that Medicaid incurred twice the burden of commercial insurers. This may become increasingly important as hospital reimbursement from the Centers for Medicare & Medicaid Services is already being lowered for hospitals that have excess unplanned readmission rates 26. Thus, while the safety and specific timepoints of early discharge are under debate, reduction of newborn readmission should still be pursued for quality improvement and healthcare cost reduction27,28. 

Multiple studies have investigated risk factors relevant to newborn readmission including bilirubin levels 
MATERIALS AND METHODS
This investigation consisted of multiple, interdependent tasks. These included: (1) identifying pertinent variables, (2) collecting the associated data that are available, (3) preprocessing the data, and (4) building and evaluating the SVM classifier. 
[image: ]Variable Inclusion 
Thirty-seven physiologic, socioeconomic, hospital logistic, and time-based peripartum and perinatal variables were chosen for medical record survey based on well-established guidelines [] and expert opinion using decision tree analysis41, an informal analytical hierarchical process. The patient population included mothers and their well-newborns born between 2014-2017 at Von Voigtlander Women’s and Mott Children’s Hospital, a public university affiliated hospital based in a moderately sized city setting. 
Data Capture
[image: ]Data were acquired via query of the Epic Electronic Medical Record by a data analyst from the UM Data Office. The study was performed in accordance with the University of Michigan Institutional Review Board and the Data Office using a de-identified data set. The study was classified as exempt. All de-identified data was compliant with HIPAA. 
Dataset Preparation
The data were first cleaned and compiled, which included the standardization of variable names and data types (e.g. datetimes, numericals, booleans, and categoricals). First, patients not meeting the criteria of well newborn were excluded. This included preterm neonates <35 weeks estimated gestational age, newborns who were admitted to the NICU, newborns who passed away, and newborns who were readmitted multiple times. For reference, readmission was defined by two weeks post-discharge. Second, patients with contradicting data were excluded as well as dyads with missing admission, delivery, or discharge timestamps. Third, data outside of reasonable ranges were excluded by setting chosen ranges as shown in Figure XX.  
Variables were then excluded for low representation (i.e. sparsity) as shown in Figure XX. These included: newborn blood type, newborn secondary race, presence of cephalohematoma, family history of jaundice, conception via IVF, mother history of depression, mother history of diabetes, pediatrician’s presence at delivery, mother ethnicity, and mother secondary race. Newborn’s insurance type was also excluded because upon review, the physician authors unanimously concluded that the query results were incorrect.
Due to the distribution of race within our patient population, the three most prevalent races (Caucasian, Asian, and African American) were kept as individual categories and anything else was combined into an “Other” category. Due to the distribution of mother’s language, categories were converted to “English” or “Non-English”. Passive tobacco use was converted to positive tobacco use. Time-series variables (temperature, weight, and bilirubin) were represented in initial values, final value pre-discharge, and difference between the two, intended to account for both value and trend. 
Train/Test Split, Imputation, and Transformation
After exclusion criteria were applied, a test was conducted to determine correlations between individual variables and newborn readmission. The data was split into a training set (75%) and a testing set (25%). This was done using a stratified shuffling strategy, which results in both the training and testing sets possessing the same representation of readmits and non-readmits. Training data is used to build the model, while testing data is used for evaluating the performance of the model after it has been built. 
Before using the data, missing values must be handled and then all values must be transformed. Missing values of ordinal numerical variables were imputed as the median, and missing values of continuous numerical variables as the mean. Binary variable values were converted to 0’s and 1’s. Categorical variables were converted into multiple binary variables using a one-hot encoding strategy. After imputation, all numerical variable values were transformed into a Gaussian Normal distribution. All transformations were fit using the training samples, and then applied to both training and testing sets.
Implementing the SVM classifier
The developed SVM classifier utilizes a Gaussian kernel which relies on two hyperparameters: C and . The training data was used to tune these hyperparameters through a stratified 5-fold cross-validation. The model was trained using a balanced weighting scheme, and balanced accuracy as the performance metric. A standard grid search identified high-performing values of  and , which were used to construct the final SVM classifier.

 


RESULTS
Patient Characteristics
After exclusion criteria were applied, the total number of dyad pairs was 12728. 12305 were not readmitted, and 423 newborns were readmitted for a readmission rate of 3.3%. Categorical reasons for readmission, defined by a corresponding CPT code diagnosis, are shown in Figure 1. The most frequent reason for readmission was jaundice. The “Other” category included: anemia due to G6PD deficiency, other specified conditions originating in the perinatal period, other birth injuries to scalp, and congenital malformation syndromes predominantly affecting facial appearance.
Correlation Test
Variables were individually correlated with risk of readmission, with r values ranging from -0.16 to 0.16. These results are shown in Figure XXX. Relevant positive correlations (increased risk of readmission) include newborn race of Asian, mother race of Asian, male newborn, mother primary language non-english, presence of prenatal care, receipt of Vitamin K after birth, higher BMI pre-pregnancy, lower birth weight, male newborn, longer time between admission and delivery, increasing mother age, and higher labor & delivery ward census. Relevant negative correlations (presence decreases likelihood of readmission) included delivery via C-section, female sex, later gestational age, higher gravidity, and increased length between delivery and discharge. From these results, none of the variables individually exhibited high correlations to newborn readmission. 
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SVM Classifier Performance
The testing data, that had been set aside, was then used to evaluate the performance of the SVM classifier. These results are shown below in Table 1. The testing data contained a total of 3011 newborns, of which 99 were readmitted and 2912 were not readmitted. Across the testing data, the model demonstrated an accuracy score of 70.1%. The model correctly identified 72.7% of readmits and 70.0% of non-readmits, for a balanced accuracy score of 71.4%.
Table 1. SVM classification model results
	
	
	True condition

	
	
	Readmit
(99)
	Non-Readmit (2912)

	Predicted condition
	Predicted Readmit (946)
	True positive
72.7% (72)
	False positive
30.0% (874)

	
	Predicted 
Non-readmit (2065)
	False negative
27.3% (27)
	True negative
70.0% (2038)



The mechanics of the model are visualized below in Figure XXX. The x-axis plots a sample’s score resulting from the classifier’s decision function, and the two bell curves are density estimates of the non-readmitted (in blue) and readmitted (in orange) populations. For samples with a score greater than zero, the model predicts a readmit, and for values less than zero, the model predicts a non-readmit. 
[image: ]

DISCUSSION
To date, machine learning has been applied to the field of medicine using data that is obtained via sensors such as vitals, EKG data, or diagnostics with tight parameters. To the best of our knowledge, this is the first-time machine learning has been used in medicine taking into account the combination of physiologic, socioeconomic, hospital logistic, and time-based peripartum and perinatal variables to aid in clinical decision making for well newborn discharge planning. 
[bookmark: _GoBack]Jaundice was the most frequent reason for readmission, followed by infection and hypothermia, all trends consistent with previous studies measuring newborn readmission 23,42. Our readmission rate of 3.3% is also comparable to other published rates ranging from 0.8-11.34% 43–46. Variables that are well known to be associated with increased risk of readmission, including Asian race and male sex, was also reflected in this study, though only weakly positive. Interestingly, other variables that have not been known to have a positive correlation with readmission (such as longer time between admission and delivery) were found as mentioned above. Similarly, while decreased risk of readmission was weakly correlated with female sex which is known in the literature, other interesting variables (such as higher gravidity) were also negatively correlated as mentioned above. Of note, none of these correlations individually were very strong (all within -0.16 to 0.16). 
Clinicians make decisions based on experience, often including the simultaneous presence of known risk factors. For example, a pediatrician may feel more inclined to not discharge a male Asian newborn with a slightly higher but not outside of the normal bilirubin level born to an older mother with a history of prenatal drug usage. This may explain the weak correlation of individual variables, but the overall successful prediction of readmission when considering multiple known risk factors simultaneously. Furthermore, it is possible that variables such as C-section delivery and younger gestational age have a negative correlation with readmission because clinicians feel that these factors are more dangerous and thus keep a child long enough to detect any morbidity that might otherwise show up in newborns with more subtle risk factors.
While missing values of numerical variables were imputed as the median or mean, this strategy may provide an inaccurate estimate. There are some variables, such as bilirubin, where the existence of a value is causal itself: the physician orders a lab test requests a reading if they are concerned, in which case neither the mean or median are necessarily representative of the entire population. Further work is needed to determine the most appropriate way for handling missing data of this type.
SVM classifiers have been used effectively in many areas. Beyond its proven effectiveness, an SVM classifier was used in this project for a few particular reasons. Firstly, it learns vectors that comprise a decision function. The underlying data is not included in the model, meaning that after the model is trained, the original data (1) is no longer needed and (2) cannot be recreated or extracted from the model, making it more protective of data rights and privacy. Secondly, it can be used in datasets with unbalanced classes. The classifier constructed during this research used balanced weights across classes, meaning that samples received a weighting factor that was inversely proportional to their representation within the dataset. This enables readmits to have a greater impact on the model, which is necessary since they make up a smaller fraction of the dataset’s population. 
The discrepancy between representation of readmits and non-readmits means that a traditional accuracy metric is not an appropriate indicator of the model’s performance. For example, if only 3.5% of newborns are readmitted, the model would have an accuracy of 96.5% by always predicting that the newborn won’t be readmitted. While this high level of accuracy sounds deceptively good, it accomplishes nothing and provides no improvement over current practice. Rather than using traditional accuracy, the model is trained using balanced accuracy, which avoids inflated performance estimates on imbalanced datasets. In the binary case, balanced accuracy is equal to the arithmetic mean of its true positive rate and its true negative rate. With balanced accuracy, fewer newborns will be readmitted, but more will likely be kept for longer periods of time. 

The results demonstrate that the SVM classifier could successfully predict readmission. Using balanced weighting, the model achieved a balanced accuracy of more than 70% on the testing data, meaning that the model could be used to reduce readmission rate. While a balanced weighting scheme was appropriate for this paper, the weights reflect a tradeoff between costs (readmission cost vs the cost of prolonging discharge) and quality. 	Comment by Bailey, Angela: Do we actually know if it’s actually more expensive? Social burden on families for 
Vulnerable child syndrome
The decision function within the classifier can be used to quantify the amount of readmission risk associated with a given newborn. Although the model makes discrete predictions of either “readmit” or “non-readmit”, it does so using a decision function which outputs continuous scores centered around 0. For example, a newborn with a score of 2.0 has a greater risk than a newborn with a score of 0.5. 	Comment by Bailey, Angela: Reference bell curve figure
Aside from the findings discussed above, the process of completing this project has elucidated some considerations and thoughts toward enabling future applications of ML methods within medicine. Firstly, data representation and standardization significantly impact the ability to retrieve and process the data effectively. Variables associated with flowsheets seemed to be much easier to acquire data from, while gathering consistent data from free text was much more difficult. Secondly, data validation is going to become increasingly important as ML methods continue to be adopted. The ML methods are only as good as the data involved in their development. If data is recorded incorrectly or contains contradictions, the quality of the ML model will be adversely affected as well.	Comment by Bailey, Angela: We could maybe comment about rates of jaundice, IVF conception, maternal depression in the literature and the fact that our data did not support these rates likely means that there is either an issue with how the data was extracted or more likely that there is an issue with where these diagnoses are entered into the chart.
Finally, current tools used to support clinical decision making for pediatricians in the newborn nursery include BiliTool, NEWT, and the Kaiser Sepsis Tool. Future directions include attempt of more complete data capture and running this model using a different hospital system’s data. This work holds promise towards the future possibility of creating a multi-factor decision support tool for Newborn Nursery clinicians tasked with the decision to discharge a newborn or not. 
CONCLUSION
Decisions surrounding discharge for well-newborns are complex. The SVM classification model that was developed successfully predicted readmission 70% of the time. This research is a promising step towards integration of AI into pediatrics (and in general) clinical decision making.
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Figure 1
Readmission Diagnoses
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Figure #: Exclusion criteria for mother-newborn dyad
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