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Abstract.
Objectives. To assess whether adding clinical information and written discharge documentation variables improves

prediction of paediatric 30-day same-hospital unplanned readmission compared with predictions based on administrative
information alone.

Methods. A retrospective matched case-control study audited the medical records of patients discharged from a
tertiary paediatric hospital in Western Australia (WA) between January 2010 and December 2014. A random selection of
470 patients with unplanned readmissions (out of 3330) were matched to 470 patients without readmissions based on age,

sex, and principal diagnosis at the index admission. Prediction utility of three groups of variables (administrative,
administrative and clinical, and administrative, clinical and written discharge documentation) were assessed using
standard logistic regression and machine learning.

Results. Inclusion of written discharge documentation variables significantly improved prediction of readmission
compared with models that used only administrative and/or clinical variables in standard logistic regression analysis
(x217 ¼ 29.4, P ¼ 0.03). Highest prediction accuracy was obtained using a gradient boosted tree model
(C-statistic ¼ 0.654), followed closely by random forest and elastic net modelling approaches. Variables highlighted as

important for prediction included patients’ social history (legal custody or patient was under the care of the Department for
Child Protection), languages spoken other than English, completeness of nursing admission and discharge planning
documentation, and timing of issuing discharge summary.

Conclusions. The variables of significant social history, low English language proficiency, incomplete discharge
documentation, and delay in issuing the discharge summary add value to prediction models.

What is known about the topic? Despite written discharge documentation playing a critical role in the continuity
of care for paediatric patients, limited research has examined its association with, and ability to predict, unplanned
hospital readmissions. Machine learning approaches have been applied to various health conditions and demonstrated

improved predictive accuracy. However, few published studies have used machine learning to predict paediatric
readmissions.
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What does this paper add? This paper presents the findings of the first known study in Australia to assess and report
that written discharge documentation and clinical information improves unplanned rehospitalisation prediction accuracy
in a paediatric cohort compared with administrative data alone. It is also the first known published study to use machine
learning for the prediction of paediatric same-hospital unplanned readmission in Australia. The results show improved

predictive performance of the machine learning approach compared with standard logistic regression.
What are the implications for practitioners? The identified social and written discharge documentation predictors
could be translated into clinical practice through improved discharge planning and processes, to prevent paediatric 30-day

all-cause same-hospital unplanned readmission. The predictors identified in this study include significant social history,
low English language proficiency, incomplete discharge documentation, and delay in issuing the discharge summary.

Keywords: administrative data, clinical information, discharge planning, discharge summary, follow-up plan, machine

learning, medical records, paediatric hospital readmissions, paediatric unplanned readmissions, retrospective analysis,
social history, social predictors, written discharge documentation.
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Introduction

The identification of predictive factors associated with paediatric

unplanned readmission to hospital can be used to improve dis-

charge planning processes, and thereby help prevent such read-

missions. Prior research has uncovered many of these factors; a

recent systematic review1 of the existing literature extracted 36

unique predictors associated with paediatric unplanned hospital

readmissions from 44 studies. The most commonly cited four

predictors were comorbidity, health insurance status, length of stay

(LOS), and age at the index admission. The review highlighted that

statistical identification of predictors depended on what variables

were examined in each of the studies. In 33 of the 44 studies,

administrative databases and medical records were both accessed.

In the remaining 11 studies, only administrative variables were

analysed. The number of examined variables ranged from22 to 443.

Extracting variables from electronic or hard-copy medical records

enriches the data and may assist to rectify coding errors in the

administrative dataset. Manual review of medical records does,

however, incur significant time and financial impost. Nevertheless,

the enhanced prediction capability via including such information

may result in significant reductions in readmission rate and

healthcare costs.
In addition to sociodemographic and clinical information, three

paediatric studies examined the association between written dis-

charge documentation (e.g. follow-up plan or discharge summary)
and unplanned readmissions, but the results were not consistent.4–6

In this project, written discharge documentation refers to not only
the discharge summary, but also the last entry within the patient

progress notes by doctors, allied healthcare providers, and nurses,
as this method allows for comprehensive review of the inter-
healthcare professional team members input to the discharge

documentation.Variations between studies in how this information
is extracted and analysed, along with its effect on prediction
of readmissions, suggests further investigations are warranted.

Written discharge documentation plays a critical role in the
continuity of care following hospital discharge, but extracting this
data is challenging for researchers.7–9

Apart from adding variables for predictive model develop-
ment, advances in statistical analysis methods may also improve
prediction accuracy, especially with large healthcare datasets.
Logistic regression analysis methods are commonly employed

in predicting paediatric unplanned hospital readmissions.
Advanced machine learning analysis approaches have also been
applied to adult10 and paediatric11–14 unplanned hospital read-

missions, because of their potential to improve predictive model
performance.15 The commonly applied approaches included
random forests,16 least absolute selection and shrinkage operator

(LASSO),11,16,17 and gradient boosted decision trees.16–18

However, the number of paediatric studies remains limited,
and have so far only analysed administrative data.11–14

In a recently published study,19 we developed a logistic regres-
sion model based on 16 administratively collected variables as
electronic medical records were not available. The model was
found with moderate discriminative ability for 30-day all-cause

readmission at a tertiary paediatric hospital in Western Australia
(WA) (C-statistic ¼ 0.645).

Study aim

This current study added clinical information andwritten discharge
documentation with the aim to determine whether adding these
variables improves prediction of 30-day same-hospital unplanned

readmissions compared with examining only administratively
collected variables. Prediction accuracy was also examined com-
paring standard logistic regression analysis to machine learning

approaches.

Methods

Study design

A retrospective matched case-control study was conducted,
which audited the medical records of patients discharged from a
tertiary paediatric facility in WA that has approximately 250 000

inpatient and outpatient visits each year.20 Ethics approvals were
obtained from the Human Ethics Research Committee of
Health Service, Department of Health,WA (2015/55), Children’s
Hospital (2015015EP), and Curtin University (HR184/2015).

Data source

The patients included in this study were discharged between

1 January 2010 and 31 December 2014. The original electronic
administrative inpatient dataset was extracted from the WA
Hospital Morbidity Data Collection (WAHMDC). A total of

3330 patients (4.55%) experienced 30-day unplanned hospital
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readmission.21 Hospital readmission was operationalised as an
unexpected hospitalisation within 30 days as measured from an
index admission. The readmission is related to the principal

diagnosis of the index admission. The identification of
unplanned hospital readmissions in this study was based on the
combination of admission type (emergency) and the principal
diagnosis of the subsequent admission following the index

admission. Because of the burden associated with extracting
data frommedical records, out of the initial dataset, 550 patients
with readmissions were randomly selected and matched to 550

patients without readmissions by age, sex, principal diagnosis of
the index admission, and proportion of principal diagnosis. The
randomisation and matching was generated using Coarsened

Exact Matching.22 Due to the unavailability of medical records
for some patients, the final number of paired patients was 470
(total patients ¼ 940).

Sample size

Sample size was calculated based on the association between
written discharge documentation and unplanned paediatric

readmissions. Previous research5 found the absence of a written
discharge plan demonstrated an odds ratio (OR) of 1.55 for
readmissions. Other substantive predictive variables, such as

comorbidity, possessed ORs from 1.18 to 5.61.2,23,24 Therefore,
we consider OR for written discharge documentation to be
suitable for a baseline power calculation. Assuming a rate of

40% written discharge absence/incompleteness from the larger
data set, we would need 332 matched case-control pairs (with
continuity correction; total ¼ 664, for power ¼ 0.8, and
a¼ 0.05) assuming the equal proportion of rehospitalisations in

each group.25 Given our current sample size of 940, we have the
power to detect a variable with an OR of 1.45.

Machine learning methods can sometimes require a substan-

tially larger sample size. We therefore used multiple machine
learning methods with specific reference to methods that use
strong regularisation (e.g. the elastic net) – recommended for
situations with a high variable to sample size ratio – and looked

for consistency across algorithms for identifying important
variables.

Extracted variables

Three groups of variables were analysed (Table 1). The first
group (16 administrative variables) were extracted from the
initial electronic dataset; the second group (11 clinical infor-

mation variables) were extracted from patients’ medical
records; and the third group (13 variables on written discharge
documentation) were extracted from the last written entry of

healthcare providers in patient progress notes and/or from
clinical care pathway. The data extractionwas completed byHZ,
using a data collection form to ensure consistency. PRD was
consulted with any queries. The written discharge documenta-

tion variables were initially extracted from patients’ medical
records and then categorised as ‘Yes/No/Not Applicable’. In
particular, the Nursing Admission and Discharge Planning

Form consists of multiple entry areas to be recorded (this form is
divided in two sections, Admission and Discharge Planning);
our categorisation of ‘completeness’ was madewhen all areas of

the form were recorded. Partially recorded forms were
considered ‘incomplete’. The filled contents of the form were
extracted and assessed against variables of ‘Significant

Table 1. Three groups of extracted variables

Administratively

collected (16)

Clinical (11) Written discharge documentation (13)

Age Significant social history (legal custody or patient was under

the care of Department for Child Protection)

Completion of Nursing Admission and Discharge Planning Form

(Admission section and Discharge Planning section)

Sex Language other than English Operation sheet or the last entry progress note made by doctors

Admission status Significant laboratory result Clinical pathway or the last entry progress note made by nurses

Length of hospital say (LOS) Significant imaging result Last entry progress note made by allied healthcare providers

Funding source as an

inpatient

Significant vital signs Written evidence of discharge information given by doctors

Health insurance status Added new medication at discharge upon existing regular

medication regime

Written evidence of discharge information given by nurses

Source of referral transport Number of co-diagnosis recorded in the patient progress notes Written evidence of discharge medications information by doctors

State/Territory of residence Known allergies Written evidence of discharge medications information by nurses

Care type Usage of hospital services 12 months prior to the index

admission: number of emergency department (ED)

presentations

Written evidence of follow-up information given by doctors

Socioeconomic indexes for

areas (SEIFA)

Usage of hospital services 12 months prior to the index

admission: number of hospitalisations

Written evidence of follow-up information given by nurses

Distance to hospital Usage of hospital services 12 months prior to the index

admission: number of outpatient clinic attendances

Consistency of written discharge documentation among healthcare

providers

Had general anaesthetic Delay in issuing discharge summary (date of discharge summary

being issued – date of discharge)

Had intensive care unit

(ICU) stay

Day of admission date

Day of discharge date

Number of co-diagnosis
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social history (legal custody or patient was under the care of the
Department for Child Protection)’, ‘language spoken other than
English’, ‘known allergies’, ‘discharge information’, ‘discharge

medication information’, and ‘follow-up information’.

Missing data

The numbers of missing values were as follows: Significant
social history (0 without readmission, 1 with readmission);

Source of referral transport (55 without readmission, 59 with
readmission); and Completeness of Nursing Admission and

Discharge Planning Form (6 without readmission, 14 with

readmission). Missing data were imputed by random forest
imputation using the missForest package in R.26 This method
performs well compared with other imputation procedures, and

is able to impute continuous and categorical data, and allows for
interactive and non-linear effects. We used default parameter
settings from missForest (number of trees ¼ 100, and max
iterations ¼ 10).

Statistical analysis

Data processing and analyses were conducted in R (version
3.5.1).27

Model comparison of the three sets of variables

This study was interested in whether a group of variables
improved prediction, and, to reduce the number of comparisons,
we compared three groups of variables by sequentially fitting

three logistic regression models: (1) Administrative variables
only; (2)Administrative and clinical variables; (3)Administrative,
clinical, and written discharge documentation variables.

Analysis of deviance with Chi-squared (x2) test was used for
determining significance.Analysis of individual variableswas not
conducted at this stage, but is included in Table 2 for comparison.

To complement the logistic regression we used machine learning
to highlight variables of relevance for prediction.

Prediction models

Multiple methods were used to ensure consistency and
robustness across models, and included logistic regression,
stepwise logistic regression, random forest, elastic net, and

gradient boosted trees. Performance was evaluated using the
C-statistic across the ten repeats of the ten-fold cross-validation.

Stepwise regression methods are standard selection methods

in the relevant, existing literature. The ‘glmStepAIC’ method
within the ‘caret’ package28 was used for forward stepwise
selection to the logistic regression model with the Akaike
information criteria (AIC) penalty. Backward elimination gave

the same results as forward elimination; therefore, only forward
elimination is reported.

Elastic net mixes two regression penalty methods: least

absolute shrinkage and selection operator (LASSO)29 penalty,
and ridge penalty.30 It provides stable and sparse estimates
of model parameters. The LASSO penalty produces sparse

predictor matrices by shrinking variables, with a proportion
shrunk to 0. The ridge penalty shrinks smoothly all coefficients
towards 0, while retaining all variables in the model. We used
the ‘glmnet’ package within ‘caret’ to perform the elastic net.

Optimal parameters were evaluated using grid search (a and l
between 0 and 1, with 0.02 step increments).

Random forests build multiple decision trees to create a

‘forest’ of trees. Each tree is built on a bootstrapped sample of
the training data and, at each split, a random subset of the features
are chosen for prediction. The number of variables randomly

sampled at each split ranged from 2 to 10, in steps of 2. We used
the ‘randomForest’31 implementation within ‘caret’.

Gradient boosted decision trees are similar to random forests.

Trees are iteratively grown using the outcomes from a previously
grown tree, applying a larger weighting to the errors from the
previous tree’s classifications. The ‘xgboost’ implementation32

within ‘caret’ was used. The following tuneable parameters were

determinedby grid search: interaction depth (from1 to5), fraction
of variables randomly sampled for each tree (0.1, 0.2, 0.5), and
minimum loss reduction to make a split g¼ 3, 5, 7. The learning

rate Z ¼ 0.01, and number of trees ¼ 500.
Multiplemethods were used to ensure consistency and robust-

ness across models, and included logistic regression, stepwise

logistic regression, random forest, elastic net, and gradient
boosted trees. These specific methods were selected primarily
because they represent the most commonly used methods in the

current hospital readmission literature.

Variable selection

For models with in-built selection (stepwise regression,
gradient boosted tree, and elastic net), variable selection was

done through themodel fitting procedure. For the random forest,
we selected the top ten variables according to their variable
importance. Supplementary Table S1 presents the relative vari-

able importance for the random forest algorithm. The built-in
‘varImp’ function from the ‘caret’ packagewas used to calculate
importance. Variable importance quantifies the relative contri-

butions of each variable to the model, defined as the number of
times a variable is selected for splitting, weighted by the
improvement to the model, and averaged.

Results

Patients’ characteristics, based on the three groups of variables,

for the with-readmission group and without-readmission group,
are presented in Table 2. The length of the index admission
(mean � s.d.) was longer in the with-readmission group com-

pared with the without-readmission group (3.3 � 6.6 vs
3.0 � 6.9 days). Patients with significant social history were
almost doubled in the with-readmission group compared with

the without-readmission group (52 (11.1%) vs 8 (6.0%)). Five
patients in the with-admission group required interpreter service
but none in the without-readmission group required this service.
The mean length of delay in issuing a discharge summary was

longer in the with-readmission group compared with the
without-readmission group (22.9 � 39.9 vs 16.8 � 34.3 days).

Comparison of administrative, administrative and clinical,
and administrative, clinical, and written discharge
documentation variable groups

The improvement in prediction of unplanned hospital read-

missions for each set of variables (administrative, administrative
and clinical, and administrative, clinical, and written discharge
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documentation) was sequentially assessed using logistic

regressionmodel comparison with standard significance testing.
A model with only administrative variables did not significantly
improve prediction (administrative model vs intercept only
model, x232 ¼ 27.4, P ¼ 0.70). By contrast, the inclusion of

clinical variables significantly improved prediction over the
administrative-only model (x212 ¼ 86.1, P , 0.01), and the
inclusion of written discharge documentation variables further

improved prediction over the administrative and clinical vari-
ables model (x217 ¼ 29.4, P ¼ 0.03).

Prediction model performance of standard logistic
regression to machine learning approaches

Prediction performance for each method obtained from the
10 � 10-fold cross-validation is presented in Table 3. The best
performing prediction model according to the mean receiver
operating curve (ROC) statistic (C-statistic) was the gradient

boosted tree model using all three sets of variables
(administrative, administrative and clinical, and administrative,
clinical, andwritten discharge documentation), followed closely

by the random forest and elastic net. Consistent with the logistic
regression above, models using only administrative data per-
formed no better than chance, and substantial improvements in

the C-statistic were seen by including clinical and written dis-
charge documentation data.

Fig. 1 presents the ROC curves for each machine learning
algorithm. ROC curves were extracted from the predictions of

the 10 � 10-fold cross-validation.W
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Table 3. Model performance comparison

Analysis approaches C-statistics/

Mean

C-statis-

tics/s.d.

Sensitivity Specificity

Model 1: Administrative model

Logistic regression 0.487 0.066 0.506 0.465

Stepwise logistic

regression

0.477 0.049 0.531 0.444

Random forest 0.519 0.061 0.533 0.503

Elastic net 0.5 0 1 0

Gradient boosted

tree

0.509 0.045 0.507 0.507

Model 2: Administrative þ clinical model

Logistic regression 0.585 0.051 0.653 0.468

Stepwise logistic

regression

0.593 0.058 0.708 0.451

Random forest 0.603 0.054 0.679 0.46

Elastic net 0.616 0.047 0.836 0.358

Gradient boosted

tree

0.624 0.054 0.869 0.319

Model 3: Administrative þ clinical þ written discharge documentation

model

Logistic regression 0.609 0.054 0.646 0.514

Stepwise logistic

regression

0.617 0.05 0.654 0.512

Random forest 0.642 0.052 0.652 0.521

Elastic net 0.635 0.048 0.753 0.414

Gradient boosted

tree

0.654 0.053 0.774 0.439
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Variables included in the prediction models

Table 4 presents the variables selected for each model. Due to
the failure of the administrative data analysed in isolation to

provide predictions above chance, variable selections for Model
1 are considered unreliable and are marked with a circle for
comparison purposes.

There was considerable concordance in the variables deemed
useful for prediction across models. Principally, variables repre-
senting clinical information, including usage of hospital services

within the past 12 months (number of admissions, emergency
department (ED) presentations, and outpatient clinic attendance),
number of past medical histories recorded in the progress notes,
social history, and language spoken other than English were

selected across multiple models, including by the elastic net.
Variables relating to written discharge documentation were also
selected, including completion of nursing admission and discharge

planning documentation and date of discharge summary issued.
The elastic net did not select any administrative variable and the
gradient boosted tree selected only one administrative variable in

Model 3 (distance from the hospital).
Languages spoken other than English/interpreter services

requirement was selected by the elastic net and stepwise logistic

regression models. It is worth noting that a total of five patients
in the dataset required interpreter service at the index admission
and all of them experienced 30-day unplanned readmission. The
low cell count potentially precludes the variable from emerging

as a useful predictor in other models, and suggests caution in
interpreting the influence of this variable given the low count.

Discussion

We present a matched case-control study using retrospective
analysis of patients’ medical records to identify paediatric 30-day

all-cause same-hospital unplanned readmissions.Model prediction
improvements were identified when adding clinical information

and written discharge documentation compared with the available
administrative data. Previous paediatric studies3,11–14,33–35 repor-
ted predictive model performance, with only one study34 exam-

ining both clinical and administrative data by reviewing patients’
medical record charts. Previous studies that have applied machine
learning to paediatric readmission prediction obtained similar 13 or

better performance11,12 to the current study. However, our study
used amatched case-control design, withmatching across age, sex,
and diagnosis that may better identify factors contributing to
readmission, distinct from diagnosis.

Four of the identified predictors in this study were consistent
with previous research, including the number of hospitalisations
prior to the index admission,23 day of discharge,36 LOS,33 and

the number of comorbidities.2,23,24,33,37 Previous studies have
also investigated socioeconomic status in terms of using the
area-level deprivation2,38 and type of health insurance.24,33,37,38

This study extracted patients’ significant social history (e.g.
under the care of theDepartment for Child Protection) from their
medical records and found a positive association with read-

missions. The use of an interpreter service was also selected as a
predictor of unplanned readmissions; however, interpreter ser-
vice usage was only selected by two of the machine learning
models (stepwise logistic regression and elastic net), suggesting

some caution when interpreting the utility of this variable in
predicting readmission. Furthermore, there is inconsistency in
the literature with respect to this variable and how well it is able

to predict readmission. Previous studies6,39 that have examined
whether speaking a language other than English was associated
with unplanned hospital readmissions have been inconclusive

due to low numbers of cases in the dataset,40 as was the case in
this study’s dataset. Future studies could examine whether a
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Fig. 1. Receiver operating characteristic (ROC) curve of 10-fold cross validations of each predictive modelling approaches.
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sample enriched in people requiring interpreter services con-
tributes significantly to readmission.

Social history and English language proficiency are routinely

assessed at the time of admission, and this study highlights the
need for early commencement of discharge planning for these
patients.19 Patients identified as having significant social history

at the time of admission require a designated hospital-based social
worker to assess and provide social needs for the family/care-
giver. The social worker should also collaborate with other

healthcare providers to implement a discharge planning process
that ensures continuity of care at home, post-discharge.41 Inter-
preter services should be available throughout hospitalisation for
families/caregivers with language barriers, and are crucial at the

time discharge information is delivered by doctors and nurses.
The ‘teach-back process’ is also recommended to ensure fami-
lies’/caregivers’ understanding of the discharge information.42

The quality of written discharge documentation was exam-
ined in this study. Incomplete nursing admission and discharge
planning documentation, and delay in issuing discharge sum-

maries were associated with unplanned readmissions. Previous
research is inconsistent in reporting the association between
written discharge documentation and readmissions. One study5

found that not providing a written instructional discharge plan to
caregivers of children with asthma resulted in a 1.55 times
higher readmission rate. A second study6 reported that having

discharge follow-up plans contributed to readmissions; how-
ever, this result was possibly due to the low rate of primary care
providers follow-up plan documentation in the discharge sum-
mary. A third study4 examined the association between asthma

patients who were given follow-up appointments and asthma
patient readmissions, but the results were inconclusive. Com-
pleteness of discharge documentation may reflect on the level of

Table 4. Variables selected by each model

GLM, logistic regression; G-S, stepwise logistic regression; RF, random forest; EN, elastic net; XGB, gradient boosted tree

Variables Model 1 Model 2 Model 3

GLM G-S RF EN XGB GLM G-S RF EN XGB GLM G-S RF EN XGB

Administrative Age J J

Sex (male) J

Insurance status (private) J

Admission status (emergency) J

Socioeconomic Indexes for Areas (SEIFA)

percentile

J J

Distance from residential address to hospital J J J X

Length of stay at index admission J J X X

No. co-diagnosis J J X X

Had general anaesthetic at index admission J J X

Source of referral transport (ambulance) J J X

Day of discharge date J J X X X X X

Day of admission date J J J X X X X X

Day of admission (weekday/weekend and

public holiday)

J J X X X X

Clinical No. admissions in the previous 12 months X X X X X X X X X X

No. emergency department presentations in

the previous 12 months

X X X X X X X X X X

No. outpatient clinic attendances in the

previous 12 months

X X X X X

No. past medical histories recorded in the

progress notes

X X X X X X X X X X

Significant social history X X X X X

Language spoken other than English

(interpreter service required)

X X X

Significant vital signs X

Known allergies X X

Written discharge

documentation

Completeness of Nursing Admission and

Discharge Planning Form,

Discharge Planning section

(incompleteness)

X X X X X

Completeness of Nursing Admission and

Discharge Planning Form,

Admission section (incompleteness)

X X X X

Delay in issuing discharge summary X X X

Progress note or Clinical Pathway documenta-

tion at discharge by nurses (not recorded)

X

Follow-up information documented by

doctors (not recorded)

X
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comprehensiveness of discharge information conveyed to fami-
lies/caregivers.8 However, our study conducted limited research
into what and how the discharge information is communicated

between healthcare providers and families/caregivers. A clinical
observational study is, therefore, required to explore communi-
cation practice at discharge. It is imperative to complete and

distribute discharge summaries to the caregiver’s/family’s gen-
eral practitioner prior to sending a patient home.7,43 Discharge
summaries contain detailed admission information for when the

patient seeks medical advice following hospital discharge, and
therefore may prevent unnecessary return ED visits or even
unplanned readmissions.

This is the first known study using machine learning

approaches to predict paediatric unplanned readmissions in
Australia. Stepwise logistic regression, random forest, elastic
net, and gradient boosted tree approaches were utilised and

compared with standard logistic regression analysis. We found
modestly greater prediction accuracy usingmachine learning for
the identification of unplanned readmissions, especially using

gradient boosted trees. Similarly, an adult population study17

also found substantially improved prediction of unplanned
hospital readmissions using machine learning.

A limitation of this study is that principal diagnosis of the
index admission was not examined as a predictor because it
was used to match cases and controls. This study is also limited
by a specified local context of WA. In comparison to the

literature, this study was based on 470 matched case-controls, a
small sample size, due to the difficulty and cost of auditing
patients’ medical records. Therefore, use of electronic medical

records is warranted to allow easy access not only to clinical
information but also to written discharge documentation infor-
mation. A larger sample size is also required to further

leverage the benefit of machine learning approaches in the
development of predictive models for unplanned paediatric
readmissions, as we used a highly constrained approach to
prevent overfitting. This retrospective cohort study used his-

torical data from 2010 to 2014, which may reduce the rele-
vance to current clinical practice. However, risk factors
associated with paediatric unplanned hospital readmissions

have remained stable over the last decade, based on our
recently published systematic review,1 indicating that the
datasets used in this study provided relevant information

regarding current readmission factors.

Conclusions

Adding clinical information and written discharge documenta-
tion demonstrated incremental improvements in prediction of
paediatric unplanned hospital readmissions. Machine learning

approaches, especially gradient boosted trees, achieved
improved prediction accuracy over standard logistic regression
analysis. Social and written discharge documentation variables

including social history, poor English language proficiency,
incomplete discharge documentation, and delay in issuing dis-
charge summary, add value to prediction and our understanding

of unplanned hospital readmissions. These predictors could also
be translated into clinical practice of discharge planning to help
prevent paediatric 30-day all-cause same-hospital unplanned
readmission.
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