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Abstract

Healthcare management plays a crucial role in ensuring the efficient deliv-
ery of healthcare services. This responsibility encompasses strategic planning,
resource management, and regulatory compliance to enhance patient care out-
comes. In this paper, we delve into the multifaceted nature of healthcare
management, highlighting the expertise required to optimize processes within
dynamic healthcare environments. Furthermore, we explore the potential of
machine learning in addressing operational challenges within healthcare. By
examining various machine learning algorithms, we identify their advantages
and limitations, proposing a structured method of application. Through this
analysis, we aim to illuminate how machine learning can minimize patient wait-
ing times and optimize overall healthcare operations. By integrating advanced
technologies and strategic approaches, healthcare organizations can harness
the transformative power of machine learning to improve efficiency and patient
care delivery.
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1 Introduction

Healthcare management, a critical facet in the realm of healthcare, assumes the re-
sponsibility of orchestrating the effective delivery of healthcare services. This multi-
faceted role encompasses strategic planning, resource management, and the seamless
coordination of various components within a healthcare organization, all aimed at
ensuring the delivery of high-quality patient care. At the forefront of healthcare
management are dedicated professionals who wield their expertise to optimize pro-
cesses, allocate resources judiciously, and navigate the intricate landscape of regula-
tory compliance. Their unwavering focus is on enhancing the overall effectiveness and
efficiency of healthcare delivery, addressing challenges head-on, and striving to im-
prove patient outcomes within the dynamic and complex healthcare environment [IJ.

Deep Learning

Figure 1: Artificial Intelligence

In the ever-evolving panorama of healthcare management, the advent of Artificial
Intelligence (AI) heralds unprecedented opportunities. These cutting-edge technolo-
gies offer innovative solutions to streamline operations, optimize resource utilization,
and elevate the overall quality of patient care. Al applications, including predictive
analytics, have the potential to revolutionize healthcare management by forecasting
patient admission rates and wait times. This foresight enables proactive resource
allocation and the optimization of staffing levels, contributing significantly to oper-



ational efficiency [31].

Machine learning algorithms, a subset of Al, play a pivotal role in enhancing clinical
decision support systems and operational tools. These algorithms empower health-
care professionals with valuable insights for personalized treatment plans, ultimately
improving clinical outcomes. The integration of process automation through Al-
driven technologies alleviates administrative burdens, allowing healthcare staff to
redirect their focus towards the core of their profession—patient care.

For practical utility, the best clinical operations tools should operate in real-time,
require minimal initial assumptions, automatically identify key features responsible
for failures and successes, and naturally adapt to frequent changes in the environ-
ment. This necessity for all-encompassing analysis and adaptivity naturally leads to
the exploration of machine learning techniques.

For these advancements to be practically utilitarian, the best clinical operations tools
should operate in real-time, demanding minimal initial assumptions. They should
seamlessly identify key features responsible for both failures and successes, adapt-
ing naturally to the frequent changes in the healthcare environment. This quest for
comprehensive analysis and adaptability naturally directs attention toward the ex-
ploration and implementation of various machine learning techniques.

As the healthcare industry journeys further into the era of Al, it is imperative to
not only recognize its potential but also to foster an environment that encourages
continual exploration and refinement of these technologies. The symbiosis between
healthcare and Al holds the promise of redefining standards, enhancing patient out-
comes, and ultimately contributing to the evolution of healthcare management on a
global scale.
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Figure 2: Machine Learning Usage

However, the practical advantages of machine learning extend beyond diagnos-

tics and treatment planning. Waiting times for patients[l], a critical aspect of the
healthcare experience, can be significantly addressed through the application of ma-
chine learning in healthcare operations management. This article aims to delve into
the specific suitability of machine learning in solving operational problems, exploring
the advantages and limitations of various machine learning algorithms. Additionally,
we present a structured method of application and discuss the limitations of usage,
shedding light on how machine learning can be a transformative force in minimizing
patient waiting times and optimizing overall healthcare operations.
The subsequent sections of this article are organized as follows: Section [2] delves
into key recent studies about healthcare operations, highlighting machine learning
advantages and deep learning studies in healthcare management. Section [3| eluci-
dates the proposed methodology and regression analysis for patient wait time. Sec-
tion 4| details the pre-processing techniques applied to datasets and the experiments
conducted, presenting and discussing the respective results. Section [5] outlines the
proposed application structure and the technologies that will be employed. Finally,
the article concludes in Section [6l

2 Background and Related Work

In the field of healthcare operations management, a notable study [13] has focused on
harnessing the potential of machine learning technologies to address specific medical

10



challenges. The study presented an innovative artificial intelligence solution utilizing
Convolutional Neural Network (CNN) algorithm for malaria diagnosis. Leveraging
a substantial dataset comprising 24,958 malaria microscopy images sourced from
the NIH National Library of Medicine[I7], the machine learning model underwent
deep learning training. Subsequently, 2,600 images were selected for the final test-
ing phase of the proposed diagnostic architecture. Empirical results from the study
showcased the effectiveness of the CNN diagnostic model.Precision metrics of 0.97
for uninfected cells and 0.99 for parasite cells, coupled with recall rates of 0.99 for
uninfected cells and 0.97 for parasite cells, underscored the robustness of the model.
The F1-scores further emphasized the diagnostic performance, registering at 0.98 for
both uninfected and parasite cells.These findings [I3] collectively suggest the sig-
nificant advantages of machine learning-based diagnostic methods over traditional
manual approaches. The study highlighted improvements in healthcare operational
capabilities, encompassing diagnostic quality, reduced processing costs, shorter lead
times, and increased productivity.
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Figure 3: Basic architecture of convolutional neural networks

The application of machine learning techniques in the context of hospital op-
erations remains an area of limited exploration. In this study[4], we introduce a
prediction pipeline designed for the dynamic environment of a UK teaching hospi-
tal’s emergency department (ED), utilizing live electronic health records for patients.
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The primary objective is to generate short-term, probabilistic forecasts of emergency
admissions, addressing a critical aspect of hospital management. The prediction
pipeline employs a series of XGBoost classifiers applied to a dataset comprising
109,465 ED visits. The resulting AUROC scores ranged from 0.82 to 0.90, contin-
gent upon the elapsed visit time at the point of prediction. Patient-level probabilities
of admission are aggregated to forecast both the number of admissions among current
ED patients and the total emergency admissions within specified time-windows, in-
corporating patients yet to arrive. The efficacy of the pipeline is evidenced by a MAE
of 4.0 admissions, surpassing a benchmark metric with an MAE of 6.5. Furthermore,
models developed during the challenging operational conditions of the Covid-19 pan-
demic, based on 104,504 later visits, demonstrated AUROCs of 0.68-0.90 and an
MAE of 4.2 (30%) compared to a benchmark’s 4.9 (33%). A significant aspect of
this work[4] involves addressing the challenges inherent in designing and implement-
ing models for real-time use. This encompasses considerations such as temporal
framing, data preparation, and the dynamic nature of operational conditions. The
study not only contributes valuable insights into the potential of machine learning
in hospital operations but also sheds light on practical strategies for overcoming the
intricacies associated with real-time model deployment.

The advent and maturation of the Internet of Things (IoT) have significantly trans-
formed healthcare practices,marking extraordinary data processing capabilities and
massive data storage facilitated by the integration of the Industrial Internet of Things
(ITIoT)[I7]. However, the transition to IoT-enabled healthcare brings forth security
challenges, particularly concerning the storage of sensitive medical data in cloud
servers. In response to these challenges, this work proposes an IoT-based deep
learning-based[7] privacy preservation and data analytics system. The architecture
involves a wearable IoT module collecting user data, which is then securely pro-
cessed in the cloud server.A Convolutional Neural Network (CNN) is employed to
analyze health-related information while ensuring the privacy of users by segregat-
ing and separating sensitive data. The proposed system introduces a secure access
control module based on user attributes, contributing to enhanced security in the
[oT-Healthcare system. The CNN classifier achieves commendable performance met-
rics with precision, recall, and F1 score reaching 95%. Performance improvements
are observed with an increase in the size of the training set, and the introduction
of data augmentation enhances system performance. Notably, an accuracy rate of
around 98% is achieved with an increased user count. In conclusion, the proposed
IoT-based deep learning system|[7] exhibits strong potential in addressing security
concerns, ensuring privacy, and maintaining high data integrity in the context of
healthcare data analytics. The experimental results underscore the robustness of the
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system, positioning it as a promising solution for secure and effective healthcare data
management.
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Figure 4: Internet of Things proposed system architecture

In the evolving landscape of healthcare, the delivery of high-quality and cost-
effective care to patients necessitates the integration of modern and powerful tech-
nologies within healthcare institutions. Despite significant strides in the computeri-
zation and digitization of medical practices, the development of efficient and robust
management tools has faced challenges. This is particularly attributed to the ex-
treme complexity and variability inherent in healthcare operations [2], surpassing
the capabilities of conventional management approaches. One crucial avenue for
addressing these challenges lies in the application of machine learning algorithms.
Known for their scalability and adaptability to intricate patterns, machine learning
algorithms offer a promising solution. Two notable advantages, the ability to con-
struct robust models from numerous weakly predictive features and the capacity to
discern crucial factors within complex feature sets, make machine learning particu-
larly well-suited to tackle the intricate nature of healthcare operations. The primary
focus of this work[I] is to investigate this symbiotic relationship between machine
learning and healthcare operations, specifically concentrating on two major opera-
tional challenges: predicting operational events and identifying key workflow drivers.
Through practical examples, it aims to illustrate how machine learning methodolo-
gies can enhance human comprehension and management of healthcare operations,
ultimately leading to more efficient healthcare delivery. In essence, this work|l] en-
deavors to bridge the existing gap in healthcare management tools by harnessing the
potential of machine learning. By doing so, it aspire to contribute to the creation of
a more streamlined and adaptive healthcare operational framework, better equipped
to meet the dynamic demands of the healthcare ecosystem.

The efficient management of Emergency Departments (EDs) hinges on accurate esti-
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mations of waiting times, a crucial aspect in resource allocation and the anticipation
of potential overcrowding. However, the intricate and dynamic nature of ED oper-
ations poses a significant challenge to waiting time prediction[I]. In this study|[1§],
employing predictive analytics on two extensive datasets derived from real-world
EDs. The machine learning models evaluated include Lasso, Random Forest, Sup-
port Vector Regression, Artificial Neural Network, and the Ensemble Method. No-
tably, to enhance prediction accuracy, novel queue-based variables are introduced|I§]
as additional predictors, capturing the current state of the ED.These findings reveal
that the Ensemble Method emerges as the most effective in predicting waiting times.
Balancing accuracy and computational efficiency, Random Forest proves to be a rea-
sonable trade-off. These results carry significant practical implications for EDs and
hospitals, suggesting the feasibility of implementing a real-time performance moni-
toring system. Such a system, empowered by machine learning techniques, holds the
potential to support operational decision-making within EDs, optimizing resource
utilization and enhancing overall efficiency.

Incoming
Patient

New Feature

Historical
Features

Train Learning Predictive Waiting Time

Technique Model Prediction

@ New Feature +

u Actual Waiting
6h, Time
1day,

1week,...

Figure 5: Scheme of the real-time forecasting system
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3 Proposed Methodology

Our work proposes the use of various machine learning and deep learning regression
algorithms trained on schedule time series data from various hospital facilities|I].
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Each hospital facility contains data from arrival and schedule time of patients that
came. The key purpose is to convey the machine learning and deep learning algo-
rithms with the capability to effectively discern schedule arrival and actual arrival
of doctor appointment from hospitals and the possibility of creating application to
help patients for these appointments and doctors organizing them.A bird’s-eye view
of the key pillars of this work is presented in Figure [f]
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Figure 6: Architectural diagram of proposed methodology

3.1 Dataset

Hospital Facilities are containing data[2] for various purposes. Each facility has its
own methods of scheduling patients. Predicting patient wait times is a major prob-
lem and cause of patient dissatisfaction and missed care opportunities as it being
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shown in Figure [7] The ability to accurately predict current wait times serves two
important goals: if displayed to the patients, it permits them to plan their time; and
when displayed to the managers, it allows them to intervene if necessary and possible.
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Figure 7: Patient Waiting for appointment examination process

Each facility contains data from patient arrival time, scheduled exam begin time,
and actual begin time. There are some differences in our case of facilities. We have
data collected from three facilities[I] that have scheduled appointments and from
one walk-in facility. Each dataset contains the waiting time of patients appointment
and 66 more features as you see in Table [} In the next section, we will discuss the
processing of data before using it in our models.
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Table 1: Dataset Features

Feature

Description

x_ArrivalDTTM
x_ScheduledDTTM
x_ BeginDTTM
SumHowEarlyWaiting
AvgHowEarlyWaiting

LineCount0Strict

SumWaits

LineCount0/1/2/3/4

FlowCount2/4

SchFlowCount2/4

FutFlowCount2/4

DelayCount
DelayCountLastHour
mintime

maxtime

AheadCount

ThoracicCount

Arrival time of patient.

Scheduled time of patient’s exam.
Begin time of patient’s exam.
Sum of how early the patients in
line are for their appointment.
Average of how early the patients
in line are for their appointment.
Number of patients in line with
scheduled times after the current
time.

Sum of the wait times for patients
in line.

Number of patients in line mea-
sured when a patient arrives, 15,
30, 45 & 60 minutes before.
Number of patients starting exams
in the 30- and 60-minute window
before the patient arrived.
Number of patients scheduled in
the 30- and 60-minute window be-
fore the patient arrived.

Number of patients scheduled in
the 30- and 60-minute window af-
ter the patient arrived.

Number of delayed exams up to the
current time of day.

Number of delayed exams in the
last hour.

Minimum wait time for the day.
Maximum wait time for the day.
Number of patients scheduled be-
fore the current patient for the day.
Number of patients waiting for a
thoracic exam.
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Feature

Description

PediatricCount
NeuroCount
AbdominalCount
VascularCount
CardiacCount
MSKCount
NumScannersUsed Today
SumInProgress
BeforeSlot
AfterSlot
Median5

MostRecent1/2/3/4/5

StartTime

IsLast

IsFirst

NonelnProgress
NoneCompleted
NonelnLine
SumWaitByTaskTypeLine

Number of patients waiting for a
pediatric exam.

Number of patients waiting for a
neuro exam.

Number of patients waiting for an
abdominal exam.

Number of patients waiting for a
vascular exam.

Number of patients waiting for a
cardiac exam.

Number of patients waiting for a
musculoskeletal exam.

Number of scanners in the facility
that have been used on that day.
Sum of the length of time exams
have been in progress.

Time since the last appointment
slot.

Time until the next appointment
slot.

Median delay/wait time for the 5
most recent customers.
Delay/wait time for the most re-
cent patient, 2nd, 3rd, 4th & 5th
most recent patients.

Hour of arrival, and 2nd, 3rd & 4th
powers of the hour of arrival to ac-
count for nonlinear trends.

Last scheduled patient for the day.
First scheduled patient for the day.
No exams in progress.

No exams completed that day.

No patients in line.

Sum of waits of patients in line by
exam type.

18




Feature Description
AvgWaitByTaskTypeLine Average waits of patients in line by
exam type.

SumTimeToCompleteInProgress
DelayedInLine
SumDelayWaitingByExamCode
SumDelayWaitingInLine
SumDelayInProgress
ExpectedDelayNextExam

AvgAgePeopleWaiting
DayOfWeek

Month

DayOfYear

InProgressSize
AvgWaitLastK1Customers
NumCompletedToday
NumCompletedInLastW1/W2/W3

NumCustomersInLastW1/W2/W3

AvgWaitLastW1/W2/W3

The sum of the expected times to
complete of the exams in progress
The number of patients in line who
are delayed.

Sum of delays of patients in line by
exam type.

Sum of delays/waits of patients in
line.

Sum of delays/waits of exams in
progress.

Expected delay of the next sched-
uled exam.

Average age of the patients in line.
The day of the week the exam is
scheduled.

The month of the year the exam is
scheduled.

The day of the year the exam is
scheduled.

Number of exams in progress for
the facility.

Average wait for the last 2, 4, and
8 customers.

Number of exams completed up to
the current day.

Number of exams completed in the
last 30, 60, and 120 minutes.
Number of customers who have ar-
rived in the last 30, 60 & 120 min-
utes.

Average delay/wait time last 30,
60, and 120 minutes.
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Feature

Description

AvgDelayForDay
OutpatientWaitingCount
MalesWaitingCount
NumAddOnsToday

NumAddOnsLastW2

NumScheduledNextSlot
NumScheduledNextW2
SumTimeToCompleteNextSlot
SumTimeToCompleteNext W2
WithContrastCountWaiting
WithAndWithoutContrastCount Waiting
WithContrastCountInProgress

WithAndWithoutContrastCountInProgress

Average delay /wait for patients for
that day.

Number of outpatients waiting in
line.

Number of male patients waiting
in line.

Number of people who have been
added to the schedule for today.
Number of people who have been
added to the schedule in the last
60 minutes.

Number of patients scheduled in
the next slot.

Number of people scheduled in the
next 60 minutes.

Expected time to completion of ex-
ams in the next slot.

Expected time to completion of ex-
ams scheduled in the next hour.
Number of patients waiting for an
exam with contrast.

Number of patients waiting for an
exam with and without contrast.
Number of exams in progress with
contrast.

Number of exams in progress with
and without contrast.

3.2 Processing Data

After acquiring raw data from four distinct facilities, a careful examination re-
vealed variations among the features of each facility. The significance of each fea-
ture emerged as crucial in the development of machine learning models tailored for
regression analysis. The data processing phase became imperative, involving the
transformation of regular data into a numeric format. Noteworthy steps included
the removal of superfluous features or rows that could adversely impact regression
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outcomes. Additionally, innovative features were engineered based on the existing
dataset. This meticulous data processing approach aims to enhance the quality and
suitability of the dataset for subsequent regression analysis in the context of the
conference theme.

Our data processing contains the following steps:

e fixing rows that contains null or NAN values

e changing columns from raw data to clear numeric values
e creating new columns based on remaining features

e changing scale of the numeric features

In our initial step, a comprehensive analysis of each row in the datasets was con-
ducted to identify and address potential null values. Subsequently, we adopted a
strategy of imputing missing data for all facilities by utilizing the mean of the pre-
ceding value. This approach led to successful data completion across every row and
column in the dataset.

Moving on to the subsequent step, it became evident that certain columns were in-
compatible with the regression model in use. To rectify this issue, we undertook a
transformation of these columns by converting their feature types into numeric. This
systematic adjustment ensured that all columns within the dataset were represented
in a numeric format, aligning with the requirements of the regression model.
Continuing our processing analysis, we employed feature engineering methods to de-
rive new features based on the existing dataset. Code Listing 1.3 on appendexA]
illustrates this process, wherein columns such as ’line count’ were used to create a
new feature ('total line count’) based on the summarization of line counts. Addition-
ally, the average of 'low count2’ and 'flow count4’ was computed using 'flow count’
columns. Moreover, a new feature was generated by multiplying the 'wait’ feature
by ’early waiting.” Finally, to enhance interpretability and compatibility with our
regression models, all numeric features underwent scaling and transformation.

In conclusion, our data preprocessing endeavors were guided by a meticulous ap-
proach aimed at ensuring the completeness, compatibility, and informativeness of
the dataset for regression analysis. The initial step involved a comprehensive anal-
ysis and imputation strategy for handling null values, resulting in a robust dataset
filled with meaningful information. Recognizing the need for alignment with the
regression model, we transformed specific columns into numeric format, fostering
consistency throughout the dataset. The subsequent phase of feature engineering
introduced new dimensions to the dataset, further enhancing its utility.
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By creating features based on existing attributes and employing scaling techniques,
we have not only optimized the dataset for interpretability but also fortified its
readiness for regression modeling. This comprehensive methodology underscores the
importance of thoughtful data preprocessing in paving the way for robust and reliable
regression analyses in diverse contexts.

3.3 Model and Algorithm Structure

In pursuit of effective model training, the requisite data preprocessing detailed in
the preceding Section was imperative. The development of regression models, as
delineated in our proposed methodology, posed a multifaceted challenge. Within our
analytical framework for predicting facility data, we judiciously employed four dis-
tinct regression algorithms, each contributing uniquely to our investigative pursuits:

e Linear regression algorithm[19] a cornerstone in statistical modeling, was strate-
gically harnessed to capture and interpret linear relationships within the pro-
cessed facility data.

e Incorporating decision tree principles[I8| this regression algorithm facilitated
the delineation of complex data patterns, offering a tree-like structure for in-
sightful predictions.

e Leveraging XGBoost Regression|21] this regression algorithm emerged as a
robust tool for addressing non-linearity and enhancing predictive accuracy
through ensemble techniques.

e Reccurent Neural Network|22] that proved instrumental in capturing temporal
dependencies within the facility data, utilizing sequential learning to refine
predictive capabilities.

This methodical selection of regression algorithms reflects a holistic approach, consid-
ering both classical and advanced techniques, in our endeavor to analyze and predict
facility data. The ensuing sections provide a detailed exposition of the methodolo-
gies employed, the intricacies of model training, and the overarching insights gained
from the amalgamation of these diverse regression models. Linear Regression, as
a cornerstone in statistical modeling, played a fundamental role in our analytical
framework. Its simplicity and interpretability allowed us to establish a baseline un-
derstanding of linear relationships within the processed facility data. By strategically
harnessing Linear Regression, we gained valuable insights into the direct impact of
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individual features on the target variable. The model’s coefficients provided quantifi-
able measures, aiding in the transparent interpretation of linear trends observed in
the dataset. Despite its simplicity as you can see in the following equation [T, Linear
Regression proved to be an essential component, forming the bedrock upon which
we built our comprehensive ensemble of regression models.

y=mz+b (1)
Where:

y is the predicted value,
x is the independent variable,
m is the slope (coefficient),

b is the intercept.
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Moving beyond the foundational role of Linear Regression, Decision Tree Regres-
sion emerged as a pivotal component in our analytical arsenal. By incorporating
decision tree principles, this regression algorithm adeptly addressed the inherent
complexities present in the facility data. The model facilitated the delineation of
intricate data patterns through a tree-like structure, enabling us to uncover nuanced
relationships that might defy linear characterization.

Decision Tree Regression’s ability to capture nonlinearities and interactions among
variables was particularly advantageous. The interpretability of the resulting tree
structure allowed us to gain actionable insights into the decision-making processes
inherent in the facility dataset. As a versatile tool, Decision Tree Regression comple-
mented the simplicity of Linear Regression, contributing to a more nuanced under-
standing of the multifaceted patterns governing our predictive analytics framework.
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Figure 9: Decision Tree Usage

Transitioning to the XGBoost Regression model, our analytical journey gains
enhanced robustness and predictive accuracy. Leveraging the powerful XGBoost
framework, this regression algorithm stands out as a formidable tool in addressing
non-linearity and optimizing ensemble learning. XGBoost, an abbreviation for eX-
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treme Gradient Boosting, combines the strengths of multiple decision trees to create
a highly adaptive and powerful predictive model.

The essence of XGBoost lies in its iterative training process as you can see in the
following equatio, where weak learners (shallow decision trees) are successively
added to the model, and each subsequent tree corrects the errors of the ensemble.
This process is guided by gradients, emphasizing accurate predictions for previously
misclassified instances. The overall prediction is then obtained by summing the con-
tributions of all individual trees.

§=> n-hyx) (2)

In our specific use case, XGBoost Regression demonstrated exceptional capabilities
in capturing intricate patterns within the facility data. Its ensemble nature addressed
overfitting and underfitting challenges, making it particularly adept at handling com-
plex relationships and achieving high predictive accuracy.

Instance
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Figure 10: XGBoost Usage
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Shifting our focus to the Recurrent Neural Network (RNN), we venture into the
realm of deep learning methodologies, where temporal dependencies within the fa-
cility data take center stage. At the forefront of advanced modeling techniques,
the RNN proves instrumental in capturing the intricate nuances of time-series data
through sequential learning and memory retention as you can see in the following
equation 3] The unique strength of the RNN lies in its ability to recognize patterns
evolving over time, a crucial aspect in our time-series prediction task. The model
achieves this by incorporating feedback loops that allow information from previous
time steps to influence predictions at subsequent steps. This sequential learning en-
ables the RNN to discern temporal dependencies within the facility data, making it
a natural fit for applications where historical context is paramount.

U = U(Wyh che + by) (3>
Where:

y; is the predicted output at time,

h; is the hidden state of the LSTM unit at time,

Wy is the weight matrix connecting the hidden state to the output
b, is the bias term.

ois the activation function

In our specific use case, the RNN’s architecture, featuring layers of Long Short-Term
Memory (LSTM) units, enables it to capture and store information over extended se-
quences. This proves particularly beneficial in scenarios where facility data exhibits
temporal dynamics and evolving patterns. The ensuing sections of our analysis delve
into the intricate details of RNN methodology, highlighting considerations such as
input shape, epochs, and batch size. Additionally, the evaluation of the RNN’s
performance provides insights into its ability to refine predictive capabilities within
the ensemble. As an indispensable component within our diverse regression model
ensemble, the Recurrent Neural Network contributes a layer of sophistication, ad-
dressing temporal dependencies and enriching the overall predictive capacity of our
analytical framework.

26



—— =
Input NN
Data

N ) — SN _, Output

Data

Figure 11: Architecture of Recurrent Neural Network

4 Experimental Evaluation

This section details the setup that was used for performing the experimental evalu-
ation of the proposed methodology, as well as the results received.

4.1 Libraries and Frameworks

Building upon the robust foundation of Python[23]|, our methodology stands as a
testament to the deliberate integration of various programming elements, ensuring
a comprehensive and nuanced approach to problem-solving. The dynamic synergy
of the selected libraries and frameworks not only facilitated the seamless implemen-
tation of our methodology but also played a pivotal role in enhancing its efficiency
across diverse programming facets. The utilization of Python revealed, as detailed in
AppendixA] a requisite dependency on specific frameworks and libraries crucial for
the development of our methodology and the subsequent attainment of results. Each
selected library and framework played a distinct yet indispensable role in various
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facets of programming, contributing collectively to the efficacy of our approach.
TensorFlow[33], a cornerstone of our framework selection, empowered our method-
ology with a powerful suite of tools for machine learning tasks. The integration of
TensorFlow provided a robust backbone, allowing for the exploration and deploy-
ment of intricate machine learning models. Complementing TensorFlow, Keras[32]
enriched our methodology by offering a high-level neural networks API. This facil-
itated a streamlined development process, allowing for the creation and fine-tuning
of intricate neural network architectures with remarkable ease.

Numpy[24], an indispensable library for numerical computations, played a founda-
tional role in handling complex mathematical operations. Its efficiency in array ma-
nipulation and numerical processing significantly contributed to the computational
robustness of our methodology. Matplotlib [25], selected for data visualization, be-
came an instrumental component in our methodology, providing an intuitive and
visually informative representation of complex data structures. This not only aided
in understanding the intricacies of our models but also facilitated effective commu-
nication of results. Further fortifying our approach, Scikit-learn[26] emerged as a
valuable asset, offering a versatile toolkit for machine learning algorithms and tools.
Its extensive array of functionalities, ranging from classification and regression to
clustering and dimensionality reduction, broadened the scope of our methodology
and its applicability to diverse problem domains.

This strategic amalgamation of diverse programming elements underscores the adapt-
ability and versatility of our methodology. The deliberate selection of these libraries
and frameworks reflects a keen awareness of the multifaceted nature of contempo-
rary problem-solving, ensuring that our methodology remains at the forefront of
innovation and efficacy in the ever-evolving landscape of computational research.

4.2 Experimental Setup

In the experimental phase of our investigation, we leveraged the comprehensive
dataset sourced from all four facilities delineated in Section [8l This dataset furnishes
intricate details concerning patient arrival and departure times in relation to their
scheduled appointments. For the training aspect of our methodology, as delineated in
Section .1}, we harnessed the robust capabilities of the TensorFlow and Keras frame-
works to engineer our regression models. Specifically, our focus lay on constructing
a Recurrent Neural Network (RNN), predicated upon the Long Short-Term Memory
(LSTM) regression model architecture elucidated in Section which entailed the
utilization of three layers for both training and validation purposes.

The computational infrastructure employed for this endeavor comprised a high-

28



performance computing system featuring an i7-12700H CPU boasting 14 cores and
16 gigabytes of RAM, supplemented by a Geoforce RTX 3050 Ti GPU furnished with
a 4-gigabyte memory card. Notably, in addition to local training procedures, we ex-
tended our computational framework to encompass web-based training modalities
via the Saturn Cloud platform. This expansion afforded us access to an augmented
computational environment equipped with 8 CPU cores and 64 gigabytes of RAM,
ultimately yielding commendable outcomes in terms of both R-squared values, as
delineated in Table [3] and Mean Absolute Error, as presented in Table 2l The dis-
cernible enhancement in performance underscores the efficacy of our approach and
the scalability of our model across diverse computational platforms.

4.3 Experimental Results

The performance of the regression models in predicting patient arrival and departure
times across various facilities as being explained in Figure [12| was assessed using the
Mean Absolute Error MAE equationd] metric. MAE measures the average absolute
difference between the predicted and actual values, providing insights into the accu-
racy of the models’ predictions. Table [2| presents the MAE values for each regression
model across different facilities.

1 n
23l )
In the equation :

MAE : Mean Absolute Error

n : number of observations

~

y; : predicted value for observation ¢

y; : actual value for observation i

Across all facilities, the MAE values for the Linear Regression model ranged
from 1.72 to 11.46 units of time. These results indicate varying levels of deviation
between the predicted and actual values, with higher MAE values suggesting less
accurate predictions. In contrast, the Decision Tree models exhibited MAE values
ranging from 0.59 to 5.87 across the facilities. These models generally demonstrated
lower MAE values compared to Linear Regression, indicating potentially better ac-
curacy in capturing patient scheduling dynamics.

Similarly, the Boosted Tree models showed MAE values ranging from 0.31 to 4.36,
consistently demonstrating superior accuracy compared to Linear Regression and
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Decision Tree models. The lower MAE values suggest that the Boosted Tree models
were more effective in predicting patient arrival and departure times across all facil-
ities.

Meanwhile, the Neural Network models exhibited MAE values ranging from 0.96 to
7.13. Although generally lower than Linear Regression, these values were slightly
higher compared to Decision Tree and Boosted Tree models, indicating a moderate
level of accuracy in predicting patient scheduling dynamics.

Notably, Facility 4 consistently exhibited the lowest MAE across all models, sug-
gesting superior predictive performance in this facility. These results underscore
the effectiveness of decision tree and boosted tree models in capturing the complex
dynamics of patient scheduling across diverse healthcare facilities.

Table 2: Mean Absolute Error Performance

Algorithms Facility 1  Facility 2 Facility 3 Facility 4
Linear Regression 6.88 11.46 11.31 1.72
Decision Tree 3.54 5.87 2.79 0.59
Boosted Tree 2.55 4.36 2.38 0.31
Neural Network 3.62 7.13 7.04 0.96

30




Neural Network r E‘Z
Boosted Tree -'SS

Decision Tree

Linear Regression _’EK

Mean Absolute Error

Algoritms
A |
7

(a)

Neural Network

Algoritms

Decision Tree

LinearRegression —1,31

0 2 4 6 8 10 12

Boosted Tree -““
| 2,79

Mean Absolute Error

(c)

Neural Network

Boosted Tree

Algoritms

Decision Tree

LinearRegression

Neural Network

Boosted Tree

Algoritms

Decision Tree

LinearRegression

Mean Absolute Error

Mean Absolute Error

(d)

Figure 12: Mean Absolute Error Results (a) Facility 1 (F1). (b) Facility 2 (F2). (c)

Facility 3 (F3). (d) Facility 4 (F4).

31



The analysis of R-squared equation 5| results provides insights into the perfor-
mance and explanatory capability of various regression models employed to predict
patient arrival and departure times across different facilities.

~

2 4 > i (Wi — i)
B=1=5r vy ©)

In the equation :

n : number of observations
y; : predicted value for observation i
y; - actual value for observation ¢

y : mean of the actual values

Notably, the Boosted Tree models consistently exhibit the highest R-squared values
across all facilities, indicating their superior ability to capture and explain the vari-
ance in patient scheduling dynamics. With R-squared values ranging from 92.27% to
98.16%, the Boosted Tree models demonstrate a remarkable capacity to account for
the variability in arrival and departure times, showcasing their efficacy in modeling
complex relationships within the dataset. Following closely, the Decision Tree mod-
els also present robust performance, albeit with slightly lower but still substantial
R-squared values ranging from 80.67% to 96.19%. This suggests that Decision Tree
models effectively capture a significant portion of the variance in patient schedul-
ing patterns, making them viable alternatives for predictive modeling in healthcare
scheduling contexts.Conversely, Linear Regression and Neural Network models ex-
hibit comparatively lower R-squared values across the facilities, indicating a rela-
tively weaker explanatory power in capturing the underlying patterns within the
data. Despite this, their R-squared values, ranging from 69.11% to 88.09% for Lin-
ear Regression and 79.04% to 94.26% for Neural Network models, still demonstrate
a notable capability to explain a substantial proportion of the variability in patient
arrival and departure times.

These findings underscore the importance of selecting appropriate regression tech-
niques tailored to the complexities of the dataset and the specific predictive objec-
tives, with Boosted Tree models emerging as particularly promising candidates for
accurate modeling of patient scheduling dynamics.
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Table 3: R-Squared Performance

Algorithms Facility 1 Facility 2 Facility 3 Facility 4
Linear Regression | 70.89% 69.11% 88.09% 84.33%
Decision Tree 86.17% 80.67% 96.19% 94.64%
Boosted Tree 92.27% 87.70% 98.16% 97.39%
Neural Network 86.38% 79.04% 95.37% 94.26%
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Figure 13: R-squared Results (a) Facility 1 (F1). (b) Facility 2 (F2). (c) Facility 3

(F3). (d) Facility 4 (F4). -



5 Proposed Application

The results highlight the exceptional performance of Boosted Tree models in captur-
ing and explaining the variance in patient scheduling dynamics across all facilities.
Leveraging advanced machine learning technologies, these models offer a powerful
tool for accurate predictive modeling in healthcare scheduling.To translate these in-
sights into actionable solutions, we propose the development of a predictive schedul-
ing software application.

Our proposed application aims to revolutionize healthcare scheduling processes by
leveraging advanced machine learning algorithms to accurately predict patient ar-
rival and departure times. This software aims to facilitate seamless appointment
scheduling and management for both patients and doctors. By providing a user-
friendly interface and powerful features, the platform enables patients to schedule
appointments with their preferred doctors and allows doctors to efficiently organize
their schedules.We prioritize user-centric design and functionality to meet the needs
of both patients and healthcare providers. The following key features have been
meticulously crafted to enhance the scheduling experience, streamline workflows,
and foster improved patient care delivery:

e Patient Interface
e Doctor Interface
e (Calendar Integration
e Customizable Profiles

e Secure Data Storage

The patient interface of our application offers a streamlined experience for schedul-
ing appointments with healthcare providers. Patients can easily search for doctors
based on specialty, location, availability, and other criteria. Once they find a suitable
provider, they can view the available appointment slots and book appointments at
their convenience. Automated appointment reminders via email or SMS help reduce
no-show rates, ensuring patients attend their scheduled appointments. Additionally,
patients can securely access and update their medical history within the platform,
empowering healthcare providers with essential information for delivering personal-
ized care.

For healthcare providers, our platform offers comprehensive appointment manage-
ment tools to organize their schedules effectively. Doctors can view their appoint-
ment calendars, manage their availability, and accept or reschedule appointments as
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needed. Access to patient profiles and medical histories allows doctors to prepare for
appointments and provide tailored care. The platform also includes built-in commu-
nication tools, enabling seamless interactions between doctors and patients for quick
consultations and follow-ups.

X

Patient Doctor

Schedules Appointments Manages Appointments

Application

Patient Interface Doctor Interface

Syncs with Calendar Updates Medical History Syncs with Calendar Stores Medical History Accesses Patient Profiles Stores Patient Data

Customizable Profiles

Calendar Integration Secure Data Storage

Figure 14: Proposed Application Use Case

To streamline scheduling processes, our platform integrates seamlessly with pop-
ular calendar applications such as Google Calendar or Outlook. This ensures that
doctors’ schedules are synchronized across platforms, minimizing scheduling conflicts
and providing a unified view of appointments.

Database U

‘ Patient Interface U ‘ Doctor Interface U ‘ Calendar Integration U ‘ Customizable ProfilesU) Secure Data Storage U ‘ Machine Learning Algorithm U

\ latform
]
Frontend

(mpd
Backend

Figure 15: Architecture of Proposed Application
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Both patients and doctors can create customizable profiles within the platform,

providing essential information such as contact details, specialties, availability, and
practice locations. These profiles help patients make informed decisions when se-
lecting healthcare providers and enable doctors to showcase their expertise and cre-
dentials. Data security and privacy are paramount in healthcare applications. Our
platform implements robust security measures to ensure the confidentiality and in-
tegrity of patient data.
Our development roadmap consists of iterative phases, starting from the core plat-
form development to deployment, testing, and continuous improvement. By following
this structured approach, we aim to deliver a high-quality and reliable patient-doctor
appointment scheduling platform that meets the needs of both patients and health-
care providers.

Core Platform Development} { Deployment {Testing} {Continuous Improvement
| | | |
' Release [ | |
| e 1 | |
: : Deploy to Testing Environment >: :
| e 1 |
: : 1 Identify and Fix Issues :
| | [rommmTmTm T, >\
< Enhancements and Updates e |
1 1 1 1
Core Platform Development} { Deployment {Testing} {Continuous Improvement

Figure 16: Deployment Roadmap
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6 Conclusion and Future Work

In conclusion, this article has explored the specific suitability of machine learning
in addressing operational challenges within healthcare settings. By examining the
advantages and limitations of various machine learning algorithms, we have provided
insights into how these technologies can be effectively applied to minimize patient
waiting times and optimize overall healthcare operations.

Moving forward, future work will involve further research and development to refine
the structured method of application outlined in this article. This includes address-
ing the limitations of machine learning usage in healthcare, such as data privacy
concerns and interpretability issues. Additionally, efforts will focus on implementing
and evaluating machine learning solutions in real-world healthcare environments to
assess their impact on operational efficiency and patient outcomes.

Ultimately, by continuing to leverage machine learning as a transformative force in
healthcare operations, we can strive towards creating more efficient and patient-
centric healthcare systems. Through ongoing collaboration between researchers,
healthcare practitioners, and technology experts, we can unlock the full potential
of machine learning to improve healthcare delivery and enhance patient experiences.
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A Appendix : Coding Details of Methodology

from data_loader.load_data import load_data

from data_processing.feature_engineering import feature_engineering

3 from data_processing.feature_engineering_f4 import

feature_engineering_£f4
from model_builder.build_model import build_model
from model_evaluation.evaluate_model import evaluate_model
import os

def process_dataframe (sheet_name, feature_engineering_func):
# Get the directory of the current script

script_directory = os.path.dirname (os.path.realpath(__file__))

# Construct the full path to the Excel file within the
data_loader folder

file_path = os.path.join(script_directory,
"data_loader", "WaitData.Published.xlsx")

df = load_data(file_path, sheet_name=sheet_name)

df = feature_engineering_func (df)

best_models, X_train, X_test, y_train, y_test,
feature_names = build_model (df)

evaluate_model (best_models, X_test, y_test, feature_names)

def main():

process_dataframe ("F1", feature_engineering)
process_dataframe ("F2", feature_engineering)
process_dataframe ("F3", feature_engineering)
process_dataframe ("F4", feature_engineering_£f4)
if __name__ == "__main__":
main ()

Listing 1: main.py
import pandas as pd

def load_data(file_name, sheet_name):
df = pd.read_excel(file_name, sheet_name=sheet_name)
if df.isnull () .values.any():
print ("Missing values detected. Handling using mean
imputation...")
df .fillna(df .mean(), inplace=True)
return df

Listing 2: data loader.py
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import numpy as np
from sklearn.preprocessing import RobustScaler

def feature_engineering(df):

df [’Arrival_Hour’] = df[’x_ArrivalDTTM’].dt.hour

df [’Arrival _DayOfWeek’] = df[’x_ArrivalDTTM’].dt.dayofweek

df [’Scheduled_Arrival_Duration’] = (df[’x_ArrivalDTTM’] - df[’
x_ScheduledDTTM’]) .dt.total_seconds ()

df [’Total_LineCount’] = df [[’LineCount0’, ’LineCountl’,
LineCount2’, ’LineCount3’, ’LineCount4’]].sum(axis=1)

df [’Avg_FlowCount’] = df [[’FlowCount2’, ’FlowCount4’]].mean (axis
=1)

df [’Wait_Multiplied_AvgWait’] = df[’Wait’] * df[’
AvgHowEarlyWaiting’]

df [’IsWeekend’] = (df[’Arrival_DayOfWeek’] >= 5).astype(int)

scaler = RobustScaler ()

numeric_features = [’SumHowEarlyWaiting’, ’AvgHowEarlyWaiting?’,
>’Scheduled_Arrival_Duration’, ’Total_LineCount’, ’Avg_FlowCount?’,
’Wait_Multiplied_AvgWait’]

df [numeric_features] = scaler.fit_transform(df[numeric_features
ID)

return df

Listing 3: feature engineering.py

import pandas as pd
import numpy as np
from sklearn.preprocessing import RobustScaler

def feature_engineering_£f4(df):

df [’Arrival _Hour’] = df [’x_ArrivalDTTM’].dt.hour

df [’Arrival _DayOfWeek’] = df[’x_ArrivalDTTM’].dt.dayofweek

df [’Scheduled_Arrival_Duration’] = (df[’x_ArrivalDTTM’] - df[’
x_ScheduledDTTM’]) .dt.total_seconds ()

df [’ SumCountScanned’] = (df[’LineCount0’] + df[’LineCountil1’] +
df [’LineCount2’] + df[’LineCount3’] + df[’LineCount4’]) * df[’
NumScannersUsedToday’]
df [’SumScannersUsed’]
NumScannersUsedToday ’]

df [’SumWaits?’] / df [’

df [’Total_LineCount’] df [[’LineCount0O0?’, ’LineCountl’, °
LineCount2’, ’LineCount3’, ’LineCount4’]].sum(axis=1)

df [’Avg_FlowCount’] = df [[’FlowCount2’, ’FlowCount4’]].mean (axis
=1)
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df [’Wait_Multiplied_AvgWait’] = df[’Wait’] * df[’
AvgWaitLastK1Customers’]

df [’IsWeekend’] =

(df [’Day0fWeek’] >= 5).astype(int)

df .replace([np.inf, -np.inf], np.nan, inplace=True)
df .£fillna (0, inpl

S

caler = RobustSc

numeric_features
Wait_Multiplied_AvgWait’]
df [numeric_features] = scaler.fit_transform(df [numeric_features

D

return df

ace=True)

aler ()
= [’Total_LineCount’, ’Avg_FlowCount’, °’

Listing 4: feature engineering f4.py

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

from sklearn.model_selection import train_test_split,
RandomizedSearchCV

from
from
from
from

sklearn.linear_m
xgboost import X
sklearn.tree imp
sklearn.metrics

r2_score

from

sklearn.preproce

RobustScaler

from
from

tensorflow.keras
tensorflow.keras

BatchNormalization

from
from
from
from

tensorflow. keras
sklearn.base imp
sklearn.utils.va
model_builder.rn

odel import LinearRegression

GBRegressor

ort DecisionTreeRegressor

import mean_squared_error , mean_absolute_error,

ssing import StandardScaler ,PolynomialFeatures,

.models import Sequential
.layers import LSTM, Dense, Dropout,

.callbacks import EarlyStopping

ort BaseEstimator, RegressorMixin
lidation import check_X_y, check_array
n import RNN

def build_model (dataframe):

X
X_

y

= dataframe.dro
BeginDTTM’, ’Wai
= dataframe[’Wa

X_train, X_test,

test_size=0.2,

scaler = RobustSc

p([’x_ArrivalDTTM’, ’x_ScheduledDTTM’,
t’], axis=1)

it’]

y_train, y_test = train_test_split(X, vy,

random_state=2)

aler ()
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1

X_train_scaled = scaler.fit_transform(X_train)

X_test_scaled = scaler.transform(X_test)
regression_models = [
{’model’: LinearRegression(), ’param_dist’: {’fit_intercept’

[True, Falsell}},

{’model’: XGBRegressor (), ’param_dist’: {’max_depth’: [3, 5,
7], ’learning_rate’: [0.01, 0.1, 0.2], ’n_estimators’: [50, 100,
20011},

{’model’: DecisionTreeRegressor (), ’param_dist’: {’max_depth
>: [None, 5, 10, 15], ’min_samples_split’: [2, 5, 10], °
min_samples_leaf’: [1, 2, 4]1}},

{’model’: RNN(input_shape=(1, X_train.shapel[1]), epochs=30,
batch_size=64), ’param_dist’: {}}
]

best_models = {}
for model_info in regression_models:
model _name = model_info[’model’].__class__.__name__

print (f"Model: {model_namel}")

model = model_info[’model’]
param_dist = model_info[’param_dist’]

if param_dist:

n_iter = min(np.prod([len(v) for v in param_dist.values
O1), 10)
random_search = RandomizedSearchCV (estimator=model,
param_distributions=param_dist, scoring=’r2’, cv=10, n_iter=
n_iter)
random_search.fit(X_train_scaled, y_train)
best_model = random_search.best_estimator_
else:
best_model = model.fit(X_train_scaled, y_train)
best_models [model_name] = best_model

return best_models, X_train_scaled, X_test_scaled, y_train,
y_test, X.columns

Listing 5: build model.py

from sklearn.base import BaseEstimator, RegressorMixin

2 from sklearn.utils.validation import check_X_y, check_array
3 from sklearn.preprocessing import StandardScaler

4 from tensorflow.keras.models import Sequential
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from tensorflow.keras.layers import LSTM, Dense, Dropout,
BatchNormalization
from tensorflow.keras.callbacks import EarlyStopping

class RNN(BaseEstimator, RegressorMixin):
def __init__(self, input_shape, epochs=30, batch_size=64):
self .input_shape = input_shape

self .epochs = epochs

self .batch_size = batch_size

self .model = self.create_rnn_model ()
self.scaler = StandardScaler ()

def create_rnn_model (self):

model = Sequential ()

model .add (LSTM (64, activation=’relu’, input_shape=self.
input_shape))

model .add (BatchNormalization ())

model .add (Dropout (0.5))

model .add (Dense (32, activation=’relu’))

model .add (BatchNormalization ())

model .add (Dropout (0.5))

model .add (Dense (1, activation=’linear’))

model.compile (loss=’mean_squared_error’, optimizer=’adam?’)

return model

def fit(self, X, y, validation_data=None):
X, y = check_X_y (X, y)

X_scaled = self.scaler.fit_transform(X)

X_reshaped = X_scaled.reshape(X_scaled.shape[0], 1, X_scaled
.shape [1])

callbacks = [EarlyStopping(patience=5, restore_best_weights=
True) ]

self .model.fit (X_reshaped, y, epochs=self.epochs, batch_size

=self .batch_size, validation_data=validation_data, callbacks=
callbacks)
return self

def predict(self, X):
X = check_array (X)
X_scaled = self.scaler.transform(X)

X_reshaped = X_scaled.reshape(X_scaled.shape[0], 1, X_scaled

.shape[1])
return self.model.predict(X_reshaped)

Listing 6: rnn.py
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import matplotlib

import matplotlib.pyplot as plt

import numpy as np

from sklearn.metrics import mean_squared_error , mean_absolute_error,
r2_score

import matplotlib.backends.backend_pdf as pdf_backend

def evaluate_model (best_models, X_test, y_test, feature_names):
for model_name, best_model in best_models.items () :
print (f"Evaluating {model_namel}")

if hasattr(best_model, ’feature_importances_’):
feature_importances = best_model.feature_importances_
important_features_indices = np.argsort(
feature_importances) [::-1]
important_features_names = [feature_names[i] for i in

important_features_indices]
print ("Important Features:")
for feature_name in important_features_names:
print (feature_name)
cIiSICH
print ("Model does not support feature_importances_")
if not hasattr(best_model, ’predict’):
best_model.fit(X_test, y_test)

y_pred = best_model.predict(X_test)

mse = mean_squared_error (y_test, y_pred)
mae = mean_absolute_error (y_test, y_pred)
r2 = r2_score(y_test, y_pred)

print ("Mean Squared Error:", mse)
print ("Mean Absolute Error:", mae)
print ("R-squared:", r2)

print ("\n")

plt.xlabel (’Regression Models’, fontsize=12)

plt.ylabel (’R-squared’, fontsize=12)

plt.title(’R-squared Scores for Regression Models’, fontsize
=15)

plt.xticks(fontsize=10, rotation=45, ha="right")

plt.yticks(fontsize=10)

plt.legend ()

plt.tight_layout ()

plt.show ()

Listing 7: evaluation model.py
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