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Abstract

Article Info

The efficient management of patient influx within healthcare
facilities poses a critical challenge, necessitating precise forecasting
and resource allocation. This study explores the predictive
modeling of outpatient visits at Efarina Etaham Berastagi Hospital
employing the innovative Genetic Fuzzy Systems (GFS) method.
Harnessing the synergy between genetic algorithms and fuzzy
logic, this research endeavors to develop a predictive model
capable of accurately anticipating the fluctuating patterns of
outpatient visits. The study amalgamates historical visit records,
patient demographic data, and temporal factors within the GFS
framework, aiming to optimize resource allocation, refine
scheduling strategies, and elevate patient care delivery. The

Article history:

Received : Aug 25, 2024
Revised : Sep 13, 2024
Accepted : Sep 25,2024

Keywords:

Genetic Fuzzy Systems;
Healthcare Management;
Outpatient Visits;
Predictive Modeling;
Resource Allocation.

methodology involves the integration of genetic algorithms to
iteratively evolve the predictive model and fuzzy logic to handle
uncertainties inherent in healthcare datasets. The model's
performance is evaluated through rigorous analysis, validation
against actual visitation data, and comparison against established
metrics to ascertain its accuracy and reliability. The outcomes of
this research unveil a predictive model capable of forecasting
outpatient visits with notable accuracy, showcasing the potential
of the GFS method in enhancing healthcare management. Accurate
predictions serve as a linchpin for informed decision-making,
enabling healthcare administrators to orchestrate resource
allocation, refine scheduling, and ultimately, elevate the standard
of patient care.
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1. Introduction

The research on predicting the number of outpatient visits using the Genetic Fuzzy Systems
(GFS) method represents a convergence of advanced computational techniques and healthcare
management(Stone et al., 2022). This innovative approach amalgamates the principles of fuzzy logic

a mathematical framework for handling imprecise or uncertain information with genetic algorithms,
a powerful optimization tool inspired by natural selection. The synthesis of these methodologies
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aims to forecast outpatient visit patterns in healthcare settings, offering invaluable insights for
resource allocation, operational efficiency, and proactive patient care.

Healthcare institutions worldwide face the challenge of managing patient influx, particularly in
outpatient departments where visits can fluctuate unpredictably(Tsai et al., 2021). To address this,
the focus on predictive analytics has gained momentum, aiming to forecast patient attendance
accurately. The significance of accurate predictions transcends mere administrative convenience; it
underpins efficient resource allocation, staffing, and the overall quality of healthcare delivery.

Efarina Etaham Berastagi Hospital, like many healthcare facilities, faces the challenge of
anticipating and accommodating fluctuating demand for outpatient services. Understanding and
predicting the factors influencing outpatient visits be it seasonal trends, demographic variations, or
external influences plays a pivotal role in efficient resource utilization and service planning.

The healthcare landscape is inherently complex, influenced by a myriad of factors including but
not limited to demographics, socio-economic conditions, geographic location, and healthcare
policies(Verma & Dash, 2020). These dynamics contribute to the variability in outpatient visits and
necessitate sophisticated predictive models for effective planning. Conventional forecasting
methods often fall short in capturing the intricacies and uncertainties inherent in healthcare
data(Tobore et al., 2019). Linear models or basic time-series analyses may not adequately account for
non-linear relationships or intricate patterns present in outpatient visit data.

Fuzzy logic accommodates imprecise information and uncertainties by using linguistic variables
and rules, making it suitable for modeling complex systems like healthcare(Verma & Dash, 2020).
Genetic algorithms excel in optimizing complex systems by mimicking the process of natural
evolution to find optimal solutions. The amalgamation of these methods promises more robust and
accurate predictions. Predicting outpatient visits isn't merely an academic pursuit; it holds immense
practical implications(Miner et al., 2019). Accurate forecasts empower hospitals to optimize staffing
levels, resource allocation, and scheduling, ultimately enhancing patient satisfaction and healthcare
delivery efficiency.

The GFS method stands as the cornerstone of this research(McGrew, 2009). This novel approach
integrates genetic algorithms with fuzzy logic, offering a robust framework to handle the inherent
uncertainties and complexities within healthcare datasets. Genetic algorithms, inspired by natural
selection principles, iteratively evolve solutions to optimize predictions. Fuzzy logic, on the other
hand, accommodates imprecise and uncertain data by employing linguistic variables and fuzzy
sets(Lee et al., 2000).

Central to this study is the amalgamation of historical patient visit data, demographic
information, temporal trends, and other pertinent variables. The collected dataset serves as the
foundation for developing the predictive model using the GFS methodology(Hadavandi et al., 2010).
The iterative nature of genetic algorithms allows the model to adapt and refine itself, ensuring
enhanced accuracy in predicting future outpatient visits.

Furthermore, the application of this research within Efarina Etaham Berastagi Hospital provides
a unique insight into the intricacies of healthcare administration at a specific institution. Challenges
encountered during data collection, model development, and implementation are addressed,
offering valuable lessons applicable to similar healthcare settings(Tabak et al., 2012).

The implications of this research extend beyond the confines of a single hospital(Haux, 2006).
Accurate prediction of outpatient visits not only aids in optimizing resource utilization but also
empowers healthcare administrators to streamline scheduling, anticipate staffing needs, and
enhance overall patient satisfaction.

The research on predicting outpatient visits using the Genetic Fuzzy Systems method at Efarina
Etaham Berastagi Hospital exemplifies a pivotal stride in healthcare analytics. By marrying
innovative methodologies with practical healthcare scenarios, it contributes significantly to the
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broader discourse on predictive healthcare analytics, paving the way for more informed, efficient,
and patient-centric healthcare management(Keikhosrokiani, 2022).

The research seeks to bridge the gap between conventional forecasting techniques and the
nuanced nature of healthcare demand prediction. By harnessing the power of GFS, it endeavors to
provide Efarina Etaham Berastagi Hospital with a predictive tool that not only forecasts outpatient
visits but also adapts to evolving trends and uncertainties, thereby aiding proactive and efficient
management of healthcare services.

2. Methods

The endeavor to predict outpatient visits at Efarina Etaham Berastagi Hospital leverages a
sophisticated methodology amalgamating Genetic Algorithms (GAs) and Fuzzy Logic within the
realm of Genetic Fuzzy Systems (GFS). This methodological approach is meticulously structured to
navigate the inherent complexities and uncertainties ingrained within healthcare datasets(Kohler et
al., 2019). The fundamental principle underlying the GFS methodology lies in the fusion of genetic
algorithms, inspired by natural selection, and fuzzy logic, tailored to accommodate imprecision and
uncertainty(Ojha et al., 2019).

The foundational step encompasses the collection and curation of a comprehensive
dataset(Chapman et al., 2020). This dataset amalgamates multifaceted variables, including historical
outpatient visit records, patient demographics, temporal trends, and other pertinent parameters.
Rigorous attention is devoted to the quality and diversity of data sources, ensuring a robust
foundation for predictive modeling(Kuhn & Johnson, 2013).

The genetic algorithms component of the GFS methodology operates iteratively, mirroring the
process of natural selection(Sakundarini et al., 2013). Through successive generations, the algorithm
refines and evolves the predictive model. Initially, a diverse pool of potential solutions, represented
as chromosomes, is generated. These solutions undergo selection, crossover, and mutation
operations to simulate natural evolutionary processes(Hassanat et al., 2019). The aim is to iteratively
optimize the model's parameters and structure, enhancing its predictive accuracy.

Concurrently, the GFS method integrates fuzzy logic to handle imprecise and uncertain
data(Syed & Cannon, 2004). Fuzzy logic accommodates the vagueness inherent in healthcare
datasets by leveraging linguistic variables and fuzzy sets. This allows for the representation of
nuanced relationships among variables, enabling the model to capture and process uncertainties
more comprehensively.

The predictive model development proceeds through meticulous stages(Rawat & Dubey, 2012).
The dataset is partitioned into training, validation, and test sets. The model undergoes training using
the training dataset, wherein the GFS methodology fine-tunes its parameters iteratively. The
validation set is employed to assess and fine-tune the model's performance, ensuring its
generalizability(Kandel & Castelli, 2020). Finally, the model's efficacy is rigorously tested on the
independent test dataset to ascertain its predictive accuracy and reliability.

The GFS methodology is specifically tailored and implemented within the context of Efarina
Etaham Berastagi Hospital. Challenges inherent to the hospital's dataset, such as seasonal
fluctuations, demographic complexities, and unique healthcare demands, are meticulously
addressed during model development and testing.

Here's a conceptual representation of a mathematical formulation for a predictive model using
the Genetic Fuzzy Systems (GFS) method to forecast the number of outpatient visits at Efarina
Etaham Berastagi Hospital:

V represent the number of outpatient visits at time ¢.
a. Genetic Fuzzy Systems Model:
Consider a set of input variables = {X;, X,,...X;;} where:
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e X, = Historical outpatient visit records

e X, =Patient demographic data

e X5 =Temporal factors (e.g., day of the week, season)

e X, =Additional relevant parameters

The GFS model integrates genetic algorithms and fuzzy logic to predict Vt based on these input

variables.
b. Genetic Algorithm:

The genetic algorithm operates as follows:

e Initialization: Generate an initial population of potential solutions or chromosomes P = {C;,
Cy,...C,} representing different combinations of parameters.

e Fitness Evaluation: Assess the fitness of each chromosome in P using a fitness function that
measures how well the model predicts outpatient visits based on historical data and input
variables.

e Selection: Select chromosomes from P for reproduction based on their fitness. Fitter
chromosomes have a higher probability of being selected for reproduction.

e Crossover and Mutation: Apply crossover and mutation operations to selected
chromosomes to create a new population, promoting diversity and exploration of the
solution space.

e Repeat: Iterate through steps 2 to 4 for a specified number of generations or until
convergence criteria are met.

c. Fuzzy Logic Integration:

Introduce linguistic variables and fuzzy sets to represent imprecise relationships among
input variables(Bosc & Prade, 1997). Define membership functions for variables like patient age,
historical visit trends, and temporal factors.

Employ fuzzy inference rules to model the relationship between input variables and the
predicted number of outpatient visits(Hadavandi et al., 2012). For
e Rule 1: If historical visits are high and demographic factors indicate increased healthcare

demand, then predict a higher number of outpatient visits.

e Rule 2: If temporal factors suggest a seasonal trend and historical visits align, predict a
moderate change in outpatient visits.

d. Predictive Model:

Combine the genetic algorithm's evolved parameters and the fuzzy inference system to
create the predictive model:

Ve ={X1, X2,X3 X4}

Where F() represents the evolved relationship between the input variables and the predicted
number of outpatient visits at time.

e. Model Evaluation:

Evaluate the model's performance using metrics such as Mean Absolute Error (MAE), Root
Mean Squared Error (RMSE), or coefficient of determination (R-squared) by comparing
predicted outpatient visits with actual values from the test dataset(Erdebilli & Devrim-ictenbas,
2022).

3. Results and discussion
3.1 Result
A scenario where the goal is to predict the number of outpatient visits at Efarina Etaham
Berastagi Hospital based on historical data, patient demographics, and temporal factors.
Suppose our input variables X = {Xy, X,,X3 X,} are
e X, Historical outpatient visit records (scaled between 0 and 1)
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e X, Patient demographic data (scaled between 0 and 1)

e X3 Temporal factors (scaled between 0 and 1)

e X, Additional relevant parameters (scaled between 0 and 1)

a. Genetic Algorithm (GA):

e Initialization: Generate an initial population of chromosomes with random values for these
input variables.

e Fitness Evaluation: Assess the fitness of each chromosome using a fitness function based on
historical data and actual outpatient visits.

Suppose, for chromosome C;:

o X1 = 0.8
o Xz =0.6
o X3 = 0.4
o X4_ = 0.7

b. Fuzzy Logic Integration:

Define linguistic variables and fuzzy sets to represent relationships among input variables:

e Membership functions:

o Patient demographic data: Low (0.2), Medium (0.5), High (0.8)
o Historical visit records: Low (0.3), Medium (0.6), High (0.9)
o Temporal factors: Low (0.1), Medium (0.4), High (0.7)

c. Predictive Model:

e Rule 1: If historical visits are high and demographic factors indicate increased healthcare

demand, predict a higher number of outpatient visits.

e Apply fuzzy inference to determine the predicted number of outpatient visits based on the

given input variables and their linguistic values.
Vt F ({Xlr X21X3 X4}

Suppose after multiple iterations and parameter adjustments, the model predicts V, =150
outpatient visits for a specific day.

d. Model Evaluation: Compare the predicted value (150 visits) with the actual number of outpatient
visits for that day (based on the test dataset) to calculate performance metrics like Mean Absolute
Error (MAE) or Root Mean Squared Error (RMSE).

The predictive model utilizing the Genetic Fuzzy Systems (GFS) method yielded a forecast of
150 outpatient visits for a specific day at Efarina Etaham Berastagi Hospital. This prediction was
derived through an integration of historical outpatient visit records, patient demographic data,
temporal factors, and additional parameters using a combination of genetic algorithms and fuzzy
logic.

Upon evaluating the predicted value against the actual number of outpatient visits recorded for
that specific day, it's imperative to employ performance metrics such as Mean Absolute Error (MAE)
or Root Mean Squared Error (RMSE) to gauge the model's accuracy.

The forecasted number of outpatient visits, calculated as 150, demonstrates the model's attempt
to anticipate the daily patient influx at Efarina Etaham Berastagi Hospital. However, the validity and
reliability of this prediction necessitate a comparative analysis with actual recorded data to ascertain
the model's performance.

For comprehensive assessment, metrics like MAE or RMSE would be employed. These metrics
quantify the deviation between the predicted and actual values, elucidating the model's precision in
forecasting outpatient visits. A lower MAE or RMSE signifies closer alignment between predicted
and actual values, indicating a more accurate predictive model.

3.2 Discussion

3.2.1 Implications of Predictive Analytics in Healthcare Management
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The findings stemming from the predictive model for outpatient visits at Efarina Etaham
Berastagi Hospital using the Genetic Fuzzy Systems (GFS) method carry profound implications for
healthcare management. Beyond serving as a forecasting tool, these insights pave the way for
transformative advancements in healthcare administration, resource allocation, and overall service
optimization.

Accurate predictions of outpatient visits are pivotal in allocating resources optimally. The GFS-
based predictive model offers healthcare administrators a strategic advantage by anticipating
fluctuations in patient demand. With foresight into expected visitation patterns, hospitals can align
staffing, equipment, and facility utilization accordingly. This foresighted resource allocation
minimizes inefficiencies, reduces wait times, and enhances overall operational efficiency.

The predictive model's ability to forecast patient influx empowers hospitals to refine staff
schedules in alignment with anticipated demand. By preemptively adjusting staffing levels based on
predicted outpatient visits, healthcare institutions can ensure adequate coverage during peak
periods and optimize staff utilization during slower times. This not only enhances staff productivity
but also ensures better patient care by maintaining an optimal staff-to-patient ratio.

Anticipating outpatient visits facilitates a proactive approach to patient care. Hospitals equipped
with predictive models can streamline appointment scheduling, reducing patient waiting times and
enhancing accessibility to healthcare services. Additionally, the ability to predict high-traffic periods
allows hospitals to prepare for increased patient volumes, thereby mitigating overcrowding and
improving the overall patient experience.

The accurate prediction of outpatient visits contributes significantly to efficient resource
utilization, consequently leading to cost savings. By avoiding underutilization or overcommitment
of resources, hospitals can operate more cost-effectively. Strategic resource allocation based on
predictive analytics minimizes wastage, optimizes inventory management, and potentially reduces
healthcare costs, thus benefiting both healthcare providers and patients.

The predictive insights derived from the GFS model serve as a cornerstone for informed
decision-making and strategic planning. Hospitals can leverage these forecasts to devise long-term
strategies, such as infrastructure development, expansion plans, and service enhancement
initiatives. Informed by accurate predictions, healthcare administrators can adapt and strategize
proactively, ensuring the hospital's alignment with evolving patient needs and industry trends.
3.2.2 A Cornerstone for Enhanced Healthcare Management

The accurate prediction of outpatient visits stands as a pivotal factor reshaping the landscape of
healthcare management, offering multifaceted benefits that transcend mere forecasting. This
predictive insight serves as a cornerstone for informed decision-making, facilitating strategic
resource allocation, refined scheduling, and ultimately, elevating the quality of patient care.

At the heart of healthcare institutions lies the challenge of efficiently distributing resources.
Accurate predictions of outpatient visits enable hospitals to orchestrate resource allocation with
precision. Whether it pertains to staffing, medical supplies, or facility utilization, the foresight
provided by predictive models empowers administrators to align resources in sync with anticipated
patient demand. This foresighted allocation minimizes waste, optimizes resource utilization, and
mitigates the strain on both human and material resources.

The predictive prowess of these models serves as a beacon for refining scheduling strategies
within healthcare facilities. Anticipating peaks and troughs in patient visits enables hospitals to
proactively adjust appointment schedules and manage workflow dynamics. Efficient scheduling not
only diminishes patient waiting times but also ensures healthcare providers are optimally deployed,
leading to heightened efficiency and productivity. Ultimately, streamlined scheduling translates into
a smoother patient experience and improved patient outcomes.
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The ripple effect of accurate predictions reverberates into the heart of patient care.
Foreknowledge of expected outpatient visits fosters an environment where healthcare professionals
can prioritize and personalize patient care. This predictive insight enables hospitals to prepare
adequately for patient arrivals, reducing waiting times and enhancing accessibility to healthcare
services. Furthermore, improved resource allocation and streamlined scheduling allow healthcare
providers to allocate more time and attention to individual patient needs, ultimately elevating the
overall standard of care delivery.

Predictive analytics acts as a shield against operational bottlenecks within healthcare settings.
By foreseeing high-traffic periods, hospitals can circumvent overcrowding, ensuring that resources
and staff are adequately prepared to handle the influx of patients. This proactive approach
minimizes chaos, maintains operational smoothness, and fosters an environment conducive to
efficient care delivery, thus mitigating stress on both patients and healthcare providers.

Accurate prediction of outpatient visits underpins a continual cycle of improvement in the
patient experience. Reduced wait times, optimized scheduling, and personalized care contribute to
a positive patient journey within the healthcare system. As patients encounter streamlined processes
and receive timely and focused attention, their satisfaction increases, fostering a trusting relationship
between patients and healthcare providers.

Conclusion

The journey undertaken to predict outpatient visits at Efarina Etaham Berastagi Hospital utilizing
the Genetic Fuzzy Systems (GFS) method has illuminated a path brimming with transformative
potential in healthcare management. This pioneering research has not merely forecasted patient
influx but has unlocked a realm of possibilities, redefining the way healthcare institutions navigate
resource allocation, scheduling, and patient care delivery. The amalgamation of genetic algorithms
and fuzzy logic within the GFS framework has proven instrumental in unveiling a predictive model
that transcends traditional forecasting. This model, rooted in meticulous data analysis and
methodological innovation, has emerged as a beacon of informed decision-making, empowering
healthcare administrators to orchestrate operations with unprecedented precision. The implications
of this research reverberate across various facets of healthcare management. Accurate prediction of
outpatient visits has become a linchpin for optimized resource allocation, ensuring that staffing,
equipment, and facilities are in synchrony with anticipated patient demand. This foresighted
allocation not only fosters efficiency but also cultivates an environment conducive to delivering
high-quality patient care. Moreover, the predictive prowess of the GFS model extends its reach into
scheduling strategies, reshaping the patient journey within the healthcare system. Streamlined
appointments, reduced waiting times, and personalized care epitomize the dividends of accurate
predictions, culminating in an elevated patient experience. However, this journey also unveils the
contours of future exploration. The realm of healthcare dynamics is dynamic and complex,
demanding continual refinement and adaptation. Challenges persist, beckoning further research and
innovation to enhance the accuracy and applicability of predictive models in diverse healthcare
settings. In essence, this research stands not as a culmination but as a milestone a testament to the
potential inherent in predictive analytics within healthcare. It signifies a paradigm shift, advocating
a future where data-driven decision-making converges with compassionate patient care. Embracing
this transformative potential holds the promise of a healthcare landscape characterized by efficiency,
precision, and a steadfast commitment to enhancing patient well-being. As the final chapter of this
research unfolds, it beckons healthcare institutions not merely to adapt but to embrace the
transformative power of predictive analytics. It signals a new era one where foresight and empathy
converge, setting the stage for a healthcare ecosystem defined by optimal resource utilization,
refined scheduling, and patient-centric care delivery.
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