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ABSTRACT— Due to increasing costs and demand, we must optimise healthcare use. The
unpredictable nature of the demand for available resources has a bearing on the quality of care
provided. An inefficient method of doing something. The level of uncertainty must be lowered.
By separating patients into groups, we are able to ensure that their resource needs are addressed.
Indeed, that is the situation here. In this work, we suggest a 2-classification approach using a
patient record to reliably divide people into groups based on how much of a certain resource they
tend to utilise. You may do just about anything with the numerous statistics Classifying patients
into subgroups has been shown to decrease resource variability. This has led to the rise of CART
analysis as a preferred way of sifting through large amounts of information. provides several
distinct advantages over other approaches for analysing healthcare data. For instance, it can deal
with the Predictors that have complex interactions. Having a parametric nature and suffering
from the curse of dimensionality. CART analysis was shown to be applicable in this context as
well. Reasons for the large range in resource use results, such as patient characteristics. We also
discovered that a surgical surgeon and a code, in addition to the principal recommended
operation for each covariate, might account for as much as 53.43 percent of the variation in
patients' durations of stay (LoS). We can better manage the flow of patients, and therefore, our

productivity, if we can reduce the uncertainty in estimating patients' lengths of stay.

Index Terms— Categorization of patients; I. INTRODUCTION

Stay Prediction Model; Models for patient

The need for healthcare is rising, both in
flow management, data mining, and tree

Australia and throughout the globe.
regression;
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Australia’s ealthcare system, whic

includes hospitals, clinics, and retirement
homes, is a hybrid of publicly funded and
privately operated facilities. Approximately
68% of the expenditures of Australia's
healthcare system are borne by the
government, making it both inexpensive and
easily accessible. In 2015-2016, healthcare
cost the Australian economy AUD 170.4

billion, or 10% of GDP [1].

The strain on the publicly financed
healthcare system is expanding as a result of
both increased healthcare costs and a greater
demand for services. Increasing healthcare
efficiency 1is crucial to our continued

Success.

Establishing healthy job competition is
essential to optimising the care delivery
process and maximising its efficacy.
Unpredictable service demand is a major
source of waste in the healthcare industry.
Deterministic systems may be optimised to
make as much as 90% efficient utilisation of
their inputs. Increasing resource efficiency
has the opposite effect in a system with
intrinsic  unpredictability, lowering the
quality of service provided. If the ICU's
occupancy rate rises beyond 85%, it may be
forced to refuse treatment to those patients

who really need it. Due to unpredictable

www.ijiemr.org

N ealthcare acilities must ¢
efficiently handled to the fullest degree

feasible.

People's arrival timings and resource needs
vary widely, creating a broad range of
service demand [2]. In  hospitals,
professionals from different fields work
together to share knowledge and resources.
The amount of time a patient spends in
various parts of the healthcare system, such
as the intensive care unit (ICU), the surgical
ward, and the operating room, affects how
much money and other resources must be
spent on their care (LoS). Consequently, the
variation in LoS may be utilised as a proxy
for the ebb and flow in resource demands.
Patients' arrival times for elective operations
are also coordinated by the hospital. The
sole consistent source of variation in the
influx of elective patients is the randomness

of LoS.

Accurately predicting patients' length of stay
(LoS) will allow for more efficient
management of a hospital's operating room.
In this study, we develop a method of
classifying patients according to how often
they make use of a certain service. The rest
of this paper is organised as follows. In
Section II, we give a literature review on

LoS forecasting models and patient
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categorization methods. Part 3 provides a
more in-depth examination of the topic at
hand.  More  information on  the
categorization scheme is provided in Section
IV. After our careful classification of the
results, we shall summarise them in Section
V. Section VI offers some last thoughts and
suggestions about where to take the research

next.
II. RELATED WORK

The duration of a patient's stay in the
hospital, like other right-skewed data,
may be modelled using the phase-type,

gamma, or lognormal distributions.

There has been some discussion in the
literature on the possibility of fitting multi-
stage models to healthcare LoS datasets. It
has been discovered that hospital LoS data
cannot be adequately analysed using single-
stage techniques like log-normal or gamma
distributions. Faddy, Graves, and Pettitt [3]
found that phase type (PH) distribution are
the best suited for modelling healthcare LoS
data. Marshall and Mcclean [4] claim to
have grouped the hospital LoS data based on
the likelihood of the Markov process
absorbing each phase. Gary and Gabriel [5]
developed a theoretical model to estimate

the probability of an impending discharge; it

1s based on a multi-stage model, a
combination of geometric distributions.
Garg et al. [6] clustered healthcare LoS data
using survival tree analysis using a mix of
Gaussian and PH distributions, and they
found a correlation between patient
characteristics and healthcare LoS. Elia et al.
[7] used a generalised linear model to
compare and contrast study participants by
dividing them into groups according on their
level of Loss. The results of a k-mean
clustering technique and a two-stage
procedure were also examined. All agreed
that multi-stage models performed better on
healthcare LoS data and that there are innate
groupings of people with similar resource

needs.

Indicators of risk at the time of admission
may be used to forecast mortality and

duration of stay.

Academics have looked at the correlation
between healthcare practitioner quality and
patient demographics several times. With
the use of Coxian distribution fitting and
partial influence calculations, Tang, Luo,
and Gardiner [8] analysed LoS data from
patients. The posterior mean of the intercept
and coefficient of different variables were
determined wusing a Coxian PH linear

regression. Clark and Ryan [9] used the
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variables and patient data to
develop a piecewise exponential model that
predicted hospital mortality and duration of
stay (LoS). Patients undergoing knee
replacement surgery had their likelihood of
survival (LoS) predicted using variables
such as age, gender, ethnicity,
socioeconomic status, and consultant.
Rouzbahman, Jovicic, and Chignell [11]
used k-means clustering to enhance the
accuracy of regression analysis forecasts.
According to Ridley et al. [12], hospital
patients may be separated into groups of
similar 1so-resource users using
classification or regression tree (CART)
studies. ICU LoS was the dependent
variable, whereas admission source, age, and
specialisation ~ were the independent
variables. Apollo, a widely used statistical
tool created by Happer [2] to categorise
patients into groups with comparable
resource needs, has been updated to include
CART analysis. By categorising patients
according to the duration of their operations,
he found that age and the nature of the
procedure were the most influential factors.

Ting et al. [13] used time series models to

estimate future outflows.

III. METHODOLOGY

n this study, we use a two-stage method
called classification and regression tree
(CART) to forecast a patient's postoperative
hospitalisation duration. [10] It's become
more and harder for hospitals to keep up
with patient demand, especially given that a
patient who ends up staying in the hospital
longer than planned following surgery due
to a miscalculation will incur additional
costs and waste valuable hospital resources
like beds.

The author has developed a two-stage
technique to circumvent this problem by
first using classifications to  make
predictions about the duration of a patient's
hospital stay in STAGE 1, followed by
clustering in STAGE 2. Both stages are
driven by the CART algorithm. CART will
split data into groups with shared
characteristics, allowing for more accurate
classification.

Since the author has collected [8] actual
patients and hospital datasets and has not
published this information online, we have
access to an LENGTH OF STAY (LOS)
database for patients.

The  proposed approach  will use
classification, regression, and clustering
techniques to improve the accuracy of LOS

predictions. Since current algorithms like
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dont use any strategic
tactics, their prediction accuracy is lower
than that of the proposed CART algorithm.
The following components have to be built
because of this project:

This section of the programme would be
used to transfer the Patient Stay Dataset.

The dataset will be read into this module,
and any missing values will be filled in, any
non-numerical data will be encoded, and the
dataset will be divided into a train and test
set.

Two-Stage CART Algorithm Execution: In
STAGE 1, algorithms such Random Forest,
KNN, and CART will be trained on the
processing training database; in STAGE 2,
all three algorithms will be trained using
clustering and regression [7]. Every
algorithm is trained many times using cross
validation to get an average error rate.
Patient Stay Prediction: After the CART
algorithm has finished collecting data, it
may be transferred to this module to be
utilised in predicting the length of a patient's
hospital stay.
Inaccurate  classification rates  across

different algorithms may be seen in the CV

Error Graph.

IV.  RESULT AND DISCUSSION

www.ijiemr.org
With the goal of achieving subpar results
from the project, it must be managed in

order to

To wupload the dataset, go to the

aforementioned result and choose the tab

labelled "Upload Patient Stay Dataset."

What you see below is the result of choosing
a dataset from the list above, uploading it,

and then clicking Open.

The loaded dataset had some non-numerical

values, as shown in the preceding result.
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ave to process the dataset 1n order to
convert or encapsulate these variables. Next,
choose Dataset Pre-processing to sort,
combine, and normalise the information

before using it.

In the accompanying snapshot, you can see
that these values have been converted to
numbers. There are a total of 1000 entries in
the dataset, 800 of which are utilised for
training and another 200 for testing. After
cleaning and organising your data, you may
proceed with running the CART algorithm
by selecting the Run Two-State CART

Algorithm button.

o pop—

e e

On the previous screen, it is clear that
Random Forest has a lower mistake rate than

the suggested CART, however CART

employs strategic approaches whereas

Random Forest does not. As can be seen in
the results below, when comparing stages 1
and 2, Random Forest has a lower error rate

than the CART.

planned

The error rate of random forests is shown to
be less than that of the suggested CART in
the first table above. Select the radio button
labelled Predict Length of Stay to submit
your test results.

Promts Lrng® of

For the aforementioned outcome, we used
the Open menu item after choosing the

testData.csv'file to upload and load the test
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In the result given above, the patient's test
results are contained in square brackets, and
the length of stay is indicated as 7 days
following the arrow symbol. The expected
number of days is also presented in the same
format for each test record. Select the CV
Error Graph button to see error plots from

cross-validation.

-
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Names of algorithms appear along the x-
axis, while error rates for each of Stages 1
and 2 are shown along the y-axis. The loss
rate in random forests is the lowest of the

three techniques.

V. CONCLUSION

www.ijiemr.org

ave developed a novel method for
dividing patients into more stable LoS
groups by using data from electronic
medical records. Using machine learning
algorithms, we were able to categorise
patients based on  their resource
requirements for strategic and operational
planning purposes. CART analysis is still
useful for grouping patients and carrying out
feature selection even when there are many
predictor variables to choose from. [6]
Effective tactical and operational plans may
be formulated by fitting the probability
distributions generated by the CART

analysis to each division.

Using the CART analysis, we were able to
decrease the absolute CV inaccuracy of the
stage one predictor variables by as much as
58.69 percent. Using our custom-made
method, we were able to further reduce the
relative CV error in forecasts by 9.0

percentage points.

The effectiveness of the CART was
evaluated alongside that of the KNN and
random forest regressions (RF). The results
of KNN regression were similar to those of
other methods, however they were less
applicable. The RF projections were
somewhat better than the HF's in terms of

the remaining variability [11]. Thus, rather
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collecting  precise oS  scenario
realisations, the researchers were able to
derive an average value from a statistically
significant subset of situations. Strategic
planning and predicting new patient classes
need the application of the stage-II
clustering approach and the RF classification
model provided in paragraph V-D,

respectively.
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