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Abstract: Emergency department (ED) overcrowding is a major issue facing health care systems around the world, leading to delayed treatment,
decreased patient satisfaction, and increasing strain on operations. In this study, the proposed integrated framework integrates machine learning-
based predictive analytics, Six Sigma DMAIC methodology, and discrete-event simulation to solve congestion problems in ED. We developed
several prediction models (Logistic Regression, Random Forest, ARIMA) on the MIMIC-IV-ED dataset augmented with contextual variables like
temporal patterns, weather conditions, and holiday flags to predict periods of high-demand. The Random Forest model provided the best perfor-
mance with an accuracy of 88.2% (0.91 AUC-ROC and a Brier score of 0.12) with strong calibration results. SHAP explainability analysis iden-
tified key predictors of congestion, including arrival hour, day of the week, and patient inflow dynamics. The predictive outputs were integrated
endogenously into the DMAIC framework to inform data-driven process improvement strategies including but not limited to dynamic staffing
allocation and workflow optimization. To assess the operational implications of these interventions, a discrete-event simulation model was created
using FlexSim Healthcare software. Results from the simulation showed that through optimization, ED performance parameters improved signif-
icantly, with patient waiting time reduced by 22% and patients leaving without being seen (LWBS) reduced by 17%. ANOVA's statistical analysis
showed that these improvements were statistically significant (P <0.01). The framework presents innovative and extensive approaches to integrate
predictive modeling with healthcare operations management in a scalable fashion. This study presents a data-driven solution for enhancing emer-
gency department efficiency and improving patient care delivery by integrating predictive analytics, process improvement, and simulation model
validation methodologies. The framework can be used in many different healthcare settings and helps managers of emergency departments make

proactive, evidence-based decisions.

Keywords: Emergency Department overcrowding, Machine Learning, Healthcare Operations Management, Six Sigma, Predictive

Analytics, patient flow optimization.

1. Introduction

Emergency departments (EDs) are important parts of healthcare systems because they give quick medical care to people who have
sudden illnesses or injuries. Emergency departments (EDs) are the first place people go for urgent care. They often have more
patients than they can handle, which can lead to overcrowding. This overcrowding (OC) is linked to longer wait times, delays in
starting treatment, more patients leaving without being seen (LWBS), and a higher risk of death [1,2]. A lot of the current ways to

deal with overcrowding are reactive and come too late, like hiring more staff or building more infrastructure.
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These solutions, on the other hand, can be expensive and don't fix the real problems with how emergency care systems work [3].
As healthcare data becomes more widely available, predictive analytics are becoming a promising way to predict how many patients

will need care and make better plans for how to run emergency departments [4].

Machine learning algorithms have shown excellent performance in predicting ED entrances, matching admission risk and detecting
congestion [5—7]. enable us to identify trends and forecast future behavior, their true impact is achieved through successful actions
conducted in response to these insights [6]. They would be underutilized or misused if there was no formal framework in place for
carrying out and periodically updating adjustments based on these forecasts. Predictive models, by themselves, do not guarantee

operational improvements, unless the output of these models are transformed into actionable management decisions.

To fill this gap, process improvement approaches like Six Sigma started to implement in the health care systems due to its capability
for variance reduction and optimizing operational methods. Six Sigma uses the DMAIC framework, providing a structured and data-
driven approach for identifying inefficiencies, applying interventions and maintaining performance enhancement over time [8]. The
first phase in the DMAIC framework is the Define phase where the problem and the primary clients are defined, the project's scope
is established, its objectives are formally declared, and the stakeholder’s patients and other system stakeholders, such as clinicians
and administrators are identified [11].

The second phase, known as the Measure phase, is the essential first step in comprehending the current state of the process, which
involves the accurate gathering of data. Finding important Key Performance Indicators (KPIs) and gathering baseline data are the
tasks of this stage. The average waiting time, the hourly patient arrival rate, the average length of stay (LOS), and the leave without
being seen (LWBS) rate are all pertinent KPIs for ED crowding. The main extraction dataset used in this investigation to measure
the current ED performance metrics was the MIMIC-IV-ED database [12]. Analyzing is the third step. During it, statistics are used
to get to the bottom of what's making things run poorly in a process. Using regression models to see how strongly things are linked,
Ishikawa diagrams to show how causes and effects are related, and Pareto analysis to find the most important causes. Predictive
analytics is very helpful for figuring out what will happen and what might cause busy times. For instance, the data might show that
a lot of patients are linked to certain days of the week, the weather, or how many staff are on duty. After this, the Improve phase is
where we come up with test ideas based on what we learned in the Analyze phase. For example, in an emergency room, we could
make lines go faster for patients who don't have emergencies, show staff an up-close view of how many patients are presently
needing help, or have staff timetable that changes based on how many patients are expected. Our machine learning models directly
help with these by guessing when more people will be needed. Finally, the Control phase is all about ensuring the changes stay in
place. It does this by giving you good ways to keep an eye on things. Standard checklists make sure that the new methods are used,
control charts keep track of how much things change over time, and regular checks are done. If the numbers suggest that performance
is going down or variation is getting up, the system will let people know so they can solve it instantly. This is a loop of getting
feedback that keeps going. It's important for us to keep the progress we've achieved and establish a firm where improving processes

is a top priority [15].

While predictive analytics and process improvement frameworks succeed independently, the literature remains sparse with research
applying their combination. The majority of studies concern themselves with the development of prediction models that are never

integrated operationally and/or process improvement is applied retrospectively without forecasting capabilities [9].

As a result, this study proposes an integrated framework that combines machine learning predictive modeling capabilities and Six
Sigma DMAIC methodology to proactively managing emergency department overcrowding. This novel approach introduces pre-
dictive insights embedded in a standardized quality improvement framework potentially improving decision-making and supporting

sustainable advances to ED operations.



2 Literature review

Overcrowding in ED has become a serious problem for healthcare system worldwide. Growing patient demand, restricted
hospital resources, and inefficient patient flow all contributed to longer wait times as well as worse quality of care. Over-
crowding is associated with prolonged treatment, higher patient morbidity, lower patient satisfaction and a higher death
rate among critically ill patients [16,17]. Tackling Emergency Dept Efficiency in an Era of Increased Patient Volumes As
healthcare systems contend with increased patient volumes, improving the efficiency of emergency department (ED) op-
erations has emerged as a key goal for both providers and policymakers.

Previous studies have identified various contributing factors to emergency department congestion. These include high
patient arrival variability, delay in triage assessment, limited availability of diagnostic resources, prolonged hospital ad-
mission processes and inefficiency of discharge process [18]. Out of all these factors, the variability of patients arriving at
different rates is still one of the most difficult operational challenges for providers. As a consequence, forecasting demand
for emergency departments has become an essential field of research.

Traditional statistical methods have been widely used to model and predict patient arrivals in emergency departments [12].
The autoregressive integrated moving average (ARIMA) model, which is a typical time-series forecasting methodology
has been shown that it posses the capability to capture reasonably seasonal patterns and long-term trends of the patients
demand [19]. For example, Sun et al. found in D-ARIMA models significant day-of-week and periodic sequence-time
variation influencing volumes, by modeling time-differential impact on patient arrivals mapped to frequency of a visit per
day for emergency departments.

On the other hand, time-series models can only archive historical processes, and they have a limitation in handling complex
non-linear interactions between multiple predictors. So machine learning techniques can be used in the domain of demand
prediction to increase healthcare utilization at large since his coming with a very widely spread electronic health record
and hospital information system. Different machine learning algorithms like Random Forest [20], Gradient Boosting [21],
Support Vector Machines (SVM) [22] and Artificial Neural Networks (ANN) have been used to predict the patients arrival,
understand predicting risk of admission, state of congestion in emergency department system[12,23].

Among them, random forest models have shown to perform significantly well in healthcare application settings due to their
capability of capturing non-linear relationship between predictor and outcome [20] Sudarshan et al. however, found that
models leveraging both weather data as context and calendar events including seasonal trends improve prediction perfor-
mance for ED (emergency departments) demand forecasting significantly.

When machine language algorithms generate predictions, is it the prediction which contributes to progression [24]. Most
predictive models are disconnected from hospitals’ management practices, limiting their applied impact. Healthcare ad-
ministrators really need decision-support frameworks which will convert predictive insights into actionable operational
strategies.

Within this paper, we note that a growing number of healthcare organizations have adopted quality improvement methods,
originally developed in the field of industrial engineering, for operational improvements. Six Sigma, one of the methodol-
ogies in this direction, has been implemented on health care settings to reduce process variation and improve quality of
services. The SixSigma DMAIC framework is a formal way to start, improve, and maintain performance [25].

The application of Six Sigma and Lean to health care process improvement has been shown in several studies. Taner et al.
For example, that adverse effect (waiting time and quality of medical services) was [26-27]

Authors said that efficiency in hospitals was evident from six sigma project adaptation especially for service quality and
waiting times of patients. Similarly, Hussein et al. In an emergency department context, Little et al. [17] adapted Lean Six
Sigma and found significant reductions in patient wait times through reengineering work flows and optimization of re-

sources. Like process improvement methodologies, simulation modeling has been leveraged in both a qualitative and



quantitative manner as an application to create frameworks with which to measure the workings of healthcare and simulate
interventions before field deployment. Discrete-event simulation models allow researchers to represent complex health
care processes and evaluate the impacts of operational changes under multiple scenarios. There are many simulation-based
methods in the existing literature which have been applied to assess triage workflows, staffing strategies and patient flow
management for emergency department systems [28].

While predictive analytics, process improvement methodologies and simulation modeling have all been established to have
utility in healthcare operations management specifically [29], much of the past literature has focused on these approaches
separately. For example, predictive demand models have pure forecasting being not directly included in operational imple-
mentation and process improvement studies manner mainly rely on integrated data retrospective analysis which make them
more on real-times data based spinned as a historic self-based report they won't put significant effort to making thinking
around prediction [30]. Table 1 provides a summary of important studies on Six Sigma, predictive modeling and ED over-

crowding in healthcare . The table highlights the emphasis of each study as well as its distinct advantages and disadvantages.

Table 1. Summary of Related Research on Emergency Department Overcrowding Prediction and Process Improvement

Study
Hoot &
Ar-
onsky
[13]
Morley
et al.
[31]

Savioli
et al.
[29]
Jones et
al. [19]

Sun et
al. [32]

Hong et
al. [12]

Zhou et
al. [33]

Data Source
Multiple emer-
gency depart-

ments

Global ED studies

Hospital ED data

Hospital emer-
gency department
visits

Emergency de-
partment patient

arrival data

Electronic health

records

Hospital emer-
gency department
electronic health

records

Methodology
Systematic review

of ED crowding

Systematic litera-

ture review

Observational

healthcare study

Time-series fore-

casting (ARIMA)

Time-series fore-

casting

Machine learning

models

Machine learning
models (Random
Forest, Gradient

Boosting)

Key Findings
Identified primary causes of over-
crowding including access block, pa-
tient inflow variability, and hospital
capacity constraints
Highlighted systemic causes and con-
sequences of ED overcrowding and
emphasized the need for integrated
management strategies
Demonstrated that overcrowding leads
to delayed care, increased patient risk,
and reduced quality of service
Demonstrated that ARIMA models can
effectively forecast patient arrivals
based on historical patterns
Identified significant weekly and sea-
sonal patterns in ED demand and
demonstrated forecasting usefulness
for staffing planning
Machine learning algorithms improved
prediction of ED admission and con-
gestion compared with traditional sta-
tistical models
Machine learning approaches im-
proved prediction accuracy of ED

overcrowding events

Limitations
Did not propose predic-
tive or operational im-

provement models

Limited focus on predic-
tive modeling or opera-

tional implementation

Focused on clinical con-
sequences rather than
operational solutions
Limited ability to cap-
ture nonlinear relation-
ships among predictors
Relied primarily on his-

torical temporal data

Did not integrate predic-
tion results with opera-

tional decision-making

Focused mainly on pre-
diction without linking
results to workflow opti-

mization



Sudar- = ED visit data with = Machine learning Incorporating weather and calendar Limited evaluation of

shan et  environmental forecasting variables significantly improved ED operational interventions
al. [21]  variables demand prediction accuracy

Taner Healthcare service = Six Sigma process Demonstrated that Six Sigma improves = Not specific to emer-

et al. operations improvement meth- | healthcare service quality and reduces = gency department opera-
[22] odology process variability tions

Hussein = Hospital emer- Lean Six Sigma + Reduced patient waiting times and im- = Did not include predic-
et al. gency department = simulation model- proved workflow efficiency in emer- tive analytics

[17] ing gency departments

Sinreich Emergency de- Discrete-event sim- = Demonstrated the usefulness of simu- = Did not integrate predic-
& Mar- partment opera- ulation lation modeling for analyzing ED pa- tive forecasting models
mor tional processes tient flow and evaluating system per-

[28] formance

The pre- MIMIC-IV-ED Machine learning + | Proposes integrated predictive conges- = Requires prospective

sented dataset with con- = Six Sigma DMAIC  tion management framework with op- | real-world validation
Study textual variables + discrete-event erational intervention evaluation
simulation

This paper adds to the literature by leveraging structured quality improvement frameworks and simulation-based validation in pre-
dictive analytics but there remains a critical gap in their integration. This generalization of these techniques may therefore allow the
proactive management of congestion by helping health care administrators to determine high-demand scenarios and suggested new
targeted operational interventions. To get past this stalemate, the current study presented an integrated structure in which machine
learning predictive modelling combines with the Six Sigma DMAIC process advancement form and discrete-event simulation (DES).
We aim to use the predictive insights from our proposed novel model together with a structured quality improvement framework
which is well known to be effective, to simulate the modelling of interventions while also providing an integrated approach in

addressing emergency department patient overcrowding and increasing efficiency of patient flow.

3. Materials and Procedures

3.1 Study design

To address the problem of ED congestion, this paper presents an integrated approach combining a Six Sigma DMAIC (Define,Meas-
ure,Analyze,Improve,Control) improvement strategy with machine learning predictive modeling. The work presented in this study
is divided into three main areas of research: (1) operational improvement using the DMAIC methodology, (2) operational interven-
tion evaluation through discrete-event simulation and (3) predictive modeling of emergency department congestion as summarized
in figure 1.The entire workflow is as follows: (1) data preprocessing and feature engineering, (2) model building and validation of
forecasting models of ED congestion by ML prediction algorithms, (3) operational bottlenecks diagnosing using Six Sigma analyt-

ical tools, and (4) strategies evaluation using simulation-based experimentation.



Study Design

Six Sigma DMAIC Process

Predictive Modeling Simulation Modeling

« Data Preprocessing
« Feature Engineering
« Machine Learning Models

« Build ED Simulation Model
« Test Intervention Scenarios

« Evaluate System Performance

A4 dimadit
i Identify Operational Bottlenecks t
¥

v

[ ED Congestion Forecasts ] [ Improvement Strategies ] [ Simulation Experimentation]

[ I

v

Integrated Framework & Analysis

Figure 1.the overview of the study design integrating predictive modeling, six sigma and simulation experimentation.

3.2. Datasets

The MIMIC-IV-ED dataset, a contemporary electronic health record dataset covering a ten-year period from 2008 to 2019,
comprises de-identified records of visits to the ED of the Deaconess Medical Center in Boston, Massachusetts. It is de-
signed to support research in emergency medicine, clinical informatics, and healthcare analytics and is a component of the
larger MIMIC-IV dataset [19]. Table 2 displays the datasheet utilized from MIMIC-IV-ED, which includes important
information concerning metrics like patient arrival rate, wait duration, etc. The flow of ED patients, their care decisions,
their use of resources, and certain outcomes (such readmission and duration of stay) may all be thoroughly examined with
this data set.

Table 2.MIMIC-IV dataset description

Metric Description

Patient Arrival Rate | Patients per hour

Wait Time Time before treatment

Length of Stay Total time in ED

LWBS Rate % of patients leaving before being seen
Day Type Weekday vs. Holiday

Weather Conditions | Temperature, Rainfall from external API

3.3 Data Preprocessing and Feature selection

Data Processing is an important component to help you determine the quality, consistency and reliability of the input
dataset before predictive modeling [34]. The MIMIC-IV-ED dataset place a significant amount of real clinical data, which
may contain missing values, inconsistent entries, and outliers. Thus, before model development, a systematic preprocessing

pipeline was used as shown in figure 2.




First, duplicate records and incomplete visit entries were removed. Records with missing essential timestamps (e.g., arrival
time or discharge time) were excluded to ensure accurate calculation of operational metrics such as waiting time and length
of stay.

Missing values in categorical variables (e.g., arrival mode, triage category) were replaced by their frequency modes (i.e.,
called mode imputation) to ensure retention of the characteristic proportions. Multiple Imputation by Chained Equations
(MICE) was used to impute variables such as waiting time and length of stay in the case of continuous variables, which
nominally preserves statistical relationships between imputations [35]. The interquartile range (IQR) was used to identify
outliers. As recommended by Tukey et al. [36], extremes were minorized at the 1st and 99th percentiles to prevent their
excessive influence without releasing useful cases. After that, feature engineering was done to increase predictive capability.
Using a process for time-oriented modeling in healthcare operations research, the day-of-week, arrival hour, and holiday
indication were extracted from timestamps to create temporal characteristics [37]. Based on the resulting features, clinical
characteristics were characterized. For example, LOS, which was defined by Equation (1) as the difference between the

time of admission and the time of release, was:

LOS = Discharge Time — Arrival Time ¢))

To improve predictive performance, several new variables were derived from the original dataset as represented at table 3.

Table 3,Summary of key variables used in predictive modeling

VARIABLE DESCRIPTION TYPE

ARRIVAL HOUR Hour of patient arrival Temporal

DAY OF WEEK Weekday indicator Temporal

HOLIDAY INDI- Public holiday flag Contextual

CATOR

TRIAGE ACUITY Patient severity classification Clinical

WAITING TIME Time from arrival to physician as- Opera-
sessment tional

ED LENGTH OF Total ED visit duration Opera-

STAY tional




These variables capture patterns in patient arrival demand that vary across time. Operational variables were also constructed
to represent ED workload conditions, including:

Rolling average arrival volume (previous 3 hours).

Hourly patient inflow rate.

Proportion of high-acuity patients.

Additionally, the "Congestion Indicator," a significant binary outcome variable, was created, designating as high-conges-
tion periods the hours when patient arrivals surpassed the 90th percentile. To enable the use of categorical variables in
machine learning algorithms without introducing ordinal bias, such as triage level and method of arrival, they were one-

hot encoded. This is in keeping with the accepted practices for preparing data for machine learning [38].

3.4 Predictive Modeling

It is now common practice in medical research to use Machine Learning (ML) models to enhance predictions, uncover
hidden patterns in data, and support data-driven decision-making. The complex, non-linear relationships and high-dimen-
sional interactions seen in actual clinical settings are sometimes harder for conventional statistical approaches to capture,
despite their value in exploratory research and hypothesis testing. Any operational ED that operates in a dynamic environ-
ment must have knowledge of future congestion [39]. This setting includes resource availability, clinical complexity, and
patient arrivals. Future congestion forecasting is essential for effective coordination to enhance patient outcomes and main-
tain care quality. Because they can accommodate complicated variable dependences, learn from previous data, and typi-
cally produce high-accuracy forecasts that classical models might overlook, ML models are especially appealing for this
purpose [40]. Three predictive modeling techniques were implemented to forecast emergency department congestion in-

cluding ARIMA Time-Series, Random Forest (RF) Classifier, and Logistic Regression.

The most often used model for clinical risk prediction is logistic regression because it is straightforward, reliable, and easy
to understand. Logistic regression predicts the likelihood that a given instance belongs to a specific class, as opposed to
linear regression, which predicts continuous outcomes. In terms of mathematics, logistic regression uses the logistic (sig-

moid) function as equation 2 to model the probability P (Y=1]x) [41]:

1
e—(B0+B1X1+PB2X2+-+BnXn) (2)

P(Y = (1]X) =

where X;,X5...,Xn are the independent variables (predictors), and Bo,Bi....,pn are the model coefficients.
The relationship between the outcome and the predictors can be interpreted using the log-odds form. The probability of the

event happening changes multiplicatively for every unit change in a predictor.

To forecast ED overpopulation, models the relationship between a set of independent variables and a binary dependent
variable. For decision makers (administrators or clinicians), Hosmer et al. offer a clear knowledge of how predictors affect
the result. In settings where decisions are made, like healthcare systems, this was crucial [42]. A baseline for forecasting
ED congestion was established by logistic regression. It also produced interpretable coefficients that showed the impact of
variables including patient arrival time, triage score, and day of the week on congestion risk [43]. Using the patient arrival
rate, triage acuity levels, day of the week, and time of day as secondary variables, logistic regression was one of the com-
parison models utilized in this study to predict the likelihood of ED congestion. The interpretability of this approach was

a major factor in its adoption.



The capacity of RF algorithms to automatically account for feature interactions and capture complex, non-linear correla-
tions has led to their widespread application in the healthcare industry. Abdumalikov et.al, asserts that RF is particularly
effective when dealing with high-dimensional, noisy, and diverse clinical data. Compared to single models, it can prevent
overfitting and provide superior predictive performance [44]. During training, it builds many decision trees and outputs the
class that is the mean prediction (regression) or the mode of the classes (classification) across all trees. A bootstrap sample
of the dataset is used to train each tree. A random subset of features is taken into consideration at each split. This random-
ness reduces overfitting and enhances the generalization capability of the model. RF forecasts a result by adding up the

predictions T, (X) from M distinct trees, as shown in equation 3 [45]:
f0 = - Zhos Tm (X) (3)

RF generates measures for feature significance. This makes it possible to pinpoint the key characteristics that influence
forecasts. When evaluating results for a non-technical healthcare audience, this tool proved to be quite helpful. The model
was chosen for this study's congestion event prediction at the ED due to its excellent predictive performance and ability to
handle high-dimensional data. The study took into account complex patterns in patient acuity distribution, ED arrival rates,
and temporal effects. Taking into account that a linear model may not be sufficient, we used RF Classifier to further im-
prove the prediction accuracy for ED congestion.

The one of the most utilized time series forecasting benchmark in healthcare operations research is the Autoregressive
Integrated Moving Average (ARIMA) model, proposed by Al-Turaiki et. al. [46]. ARIMA models decompose time series
data into autoregression, differencing, and moving average components to generate accurate short-term forecasts.
ARIMA(p,d,q) consists of three components: a moving average (MA) term, which determines the q order of the MA pro-
cess; differencing d to ensure stationarity; and an AR term representing p (the order of the series). The general AEIMA

equation can be denoted with equation 4:

®(B) (1-B) dYt = ©(B)et @)

(1)where B is the backward shift operator, ®(B) and ® (B) are polynomials of order in respect to AR and MA parts respec-
tively and et is white noise. An ARIMA model was applied to ensure the stationarity of arrival time series. When hosptial
admission behavior is normalized on panels for artificial trends and seasonality (eg: increased population admission over
weekends, or flu seasons). Other common setups, such as ARIMA (p,d,q) models with strong stationarity assumptions also
limited this model class in producing sensible forecasts. This means that it must be able to interpret nonlinear or sudden
changes introduced by competing external risk factors, such as holidays or pandemics [47]. The reason the characterization
models improved when incorporating ARIMA was simply because it accounts for this continuous temporal prediction that
is beneficial for proactive congestion management in an ED Setting. Modeling of future ED patient volumes using ARIMA
modeling predicted patient volumes. An automated alarm system like this would be invaluable in predicting peak periods
of demand and implementing a forward-thinking resource allocation strategy to cope with it.

All models were selected to solve a certain problem. A logistic regression was applied for baseline interpretability. Non-
linear interaction of features was done using Random Forest. ARIMA was utilized for temporal patterns of incoming vol-
ume. We then adopt a multi-model approach to achieve actionable insights, high interpretability and solid prediction per-
formance. In emergency health care systems, clinical utility and operational efficiency were dual imperatives as well.

The selective use of machine learning as part of the prediction pipeline is an important element of wiser, preventative

treatment. Figure 3 describes the suggested machine learning modeling pipeline.
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Figure 3.Machine learning modeling workflow for emergency department congestion prediction.

3.5 Model Validation and Statistical Evaluation
Table 4 lists the many evaluation criteria that were selected for this study in order to assess the efficiency of our congestion
detection method.

Table 4.Evaluation Metrics and Their Definitions for Congestion Detection Model Performance

Metric Definition
Accuracy Proportion of correct predictions
AUC-ROC Ability to distinguish between congested/non-

congested states

Sensitivity True positive rate
Specificity True negative rate
FI-Score Harmonic mean of precision and recall

Such methods were accompanied by calibration analysis, in addition to standard classification performance metrics, to assess the
agreement between predicted probabilities and actual congestion event occurrence. In the context of predictive models, calibration
is a measure of agreement between predicted risk estimates provided by a model and observed probabilities of the outcome [48].
A correctly calibrated model provides probability estimates that closely match the actual frequency of events over the range of
risks.

Two complementary calibration metrics were used to evaluate model reliability. The first step was to use the Brier Score which is
a measure of the mean squared difference between predicted probabilities and actual outcomes. The Brier Score is given by equa-
tion 5:

N
1
Brier = ) (pi =% 5)
i=1

where p;represents the predicted probability for observation i, y;denotes the actual outcome (0 or 1), and Nis the total number
of observations. Lower Brier Score values indicate better calibration and higher predictive reliability.

Second, calibration curves were plotted to provide a visual representation of the alignment between predicted probabilities and
frequencies of observed events. Predictions were binned into groups based on probability, and the mean predicted probability in
each bin was compared with the corresponding observed outcome rate [49]. Ideal Prediction Calibration: In other words, a perfectly
calibrated model would fall on the diagonal line (predicted probability = observed probability).

SHapley Additive exPlanations (SHAP) were used to improve model interpretability, in other words, to understand how individual
predictors added up to model predictions. SHAP: as a novel game theory approach to explainable artificial intelligence. A game-



theoretical approach towards explainability is used in SHAP that generates an important value for each feature describing the
contribution of [50].

To quantify the marginal contribution of each feature (i.e., how much a specific feature contributed to a prediction), SHAP values
are computed for every possible combination of features. A positive SHAP value represents a feature likely to increase the predic-
tion of ED congestion, and a negative value represents a feature likely to reduce the probability of ED congestion. SHAP summary
plots (aggregated) were created to highlight common variables affecting the models over the whole dataset [51].

This approach offers global interpretability by revealing key predictors that shape how models perform, as well as local interpret-
ability by explaining specific predictions. In such cases where predictive models give critical decision support for clinical work-
flows, interpretability is key.

To estimate 95% confidence intervals around model performance metrics, bootstrap resampling was used to quantify statistical
uncertainty. We'll use the non-parametric statistical method bootstrapping to sample observations with replacement from the orig-
inal dataset until we have multiple datasets. A total of 1000 bootstrap iterations were conducted in this study [52]. The predictive
model was then used to evaluate the resampled dataset during each iteration, and metrics such as accuracy, precision, recall F1-
score, or AUC-ROC were recalculated [53]. Confidence intervals for each metric were then obtained using the bootstrap samples
of these estimates. The 2. 5th and 97. Lower and upper limits of the 95% confidence interval were defined as Sth percentiles of
bootstrap distribution. This enables a strong estimate of model performance variance and allows us to state that reported evaluation
metrics account for the statistical uncertainty which comes about in predictive modeling.

3.6 Six Sigma DMAIC Framework

The next step was to align a well-defined process improvement framework to drive improvements based on these predictive in-
sights, and for that purpose, we adopted the Six Sigma DMAIC framework. Six Sigma methodology is widely implemented in
healthcare systems to reduce variability in processes, eliminate inefficiencies and improve service quality using data-driven deci-
sions. DMAIC cycle facilitates a systematic approach to identifying operational constraints, diagnosing the root causes of perfor-
mance complaints in a process, implementing interventions and then maintaining those improvements. The DMAIC framework
showcased the process in which predictive modeling outputs were framed within an ED operational context to leverage them for
improving processes. This provided a more accurate and timely operational capability, using predictive congestion forecasts which
would be generated from a collection of machine learning models in order to allow high demand periods to be proactively identified
and operational interventions (e.g. dynamic staffing allocation, workflow optimization; triage process re-design) implemented
based on the forecast. This supports healthcare administrators to be proactive, aligning with congestion management leaning to-
ward predictive and data-informed operational preparatory processes outlined in figure 4.

- Define Phase: The operational issue was defined as lengthening patient waiting time and ED crowding. Key performance indi-
cators included: Mean Waiting time.

- ED length of stay.
- LWBS rate.
Measure Phase: Historical ED records were used to extract baseline operational metrics.

Analyze Phase: Use statistical and machine learning feature importance results to perform root cause analysis and identify con-
gestion drivers.

Improve Phase: Operational interventions were developed including:
- The dynamic allocation of staffing.

- High triage pathways.

- Predictive scheduling techniques.

Step 5: Control (after implementing the solution, control charts were developed to track performance on an ongoing basis)
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Figure 4. Six Sigma DMAIC framework applied to emergency department congestion management.

3.7 Discrete-Event Simulation Model

Although the DMAIC process can offer a structured annotated approach for identifying specific operational bottlenecks, and may
help inform capacity improvement strategy design, validation of such interventions in live ED operations is fraught with challenges
of implementation due to operational constraints including culture safety considerations. Speculating how workflows will change
in practice by drawing on a hypothetical future is likely to be fraught with risks and unintended consequences. Simulation modeling
was thus employed as a second analytic technique to analyze the proposed enhanced strategies over time. Simulation allows re-
searchers to systematically investigate different system operating configurations and resource allocation policies without signifi-
cantly affecting clinical operations by replicating the behavior of an emergency department in a risk-free computational environ-
ment. Discrete-event simulation was used to model patient flow dynamics and assess the operational counters developed during
DMAIC improvement phase [54].

The simulation emulates the ED workflow as a sequence of events that includes patient arrival, triage evaluation, physician visit,
diagnostic testing and treatment preceding discharge or admission. Patients arrive according to a stochastic process that intuitively
depends on previous demand patterns. Controls for each state were taken within the dataset and service time data was estimated
to be used as a model probability distribution.

3.8 Simulation Verification and Validation

Several controlled simulation experiments were run to evaluate the impact of those process improvement tactics identified in an
earlier phase during the DMAIC development stage after verification and validation had been performed for the simulation model.
The main objective of the experimental design was to evaluate the effect of different resource allocation and workflow strate gies
on productivity metrics in the emergency department. Using the predictive outputs about potential future congestion and recom-
mendations based on exploiting the machine learning models, a number of different interventions scenarios were designed. These
included allocation work changes, system fast-tracking triage pathways and predictive ratio strategies at the times of patient surge.
The results were compared by simulating all scenarios under the same conditions in the system. Due to the stochastic nature of
emergency department operations, multiple iterations of each scenario were run with varied seeds. The performance for each
scenario was evaluated with key operational metrics such as average wait time at any treatment area, emergency department length
of stay, and left without being seen (LWBS) [55].

Table 5 summarizes all the input parameters used in the simulation model, including arrival processes (distributions of patients
arriving at one or more services), service time distributions and resource availability.



Table 5.Simulation Input Parameters for Emergency Department Model

Parameter

Patient Arrival Rate

Triage Service Time

Physician Consulta-
tion Time
Diagnostic Testing
Time

Treatment Time

Discharge Pro-
cessing Time
Number of Triage
Nurses

Number of Physi-
cians

Number of Treat-
ment Beds
Simulation Run
Length

Number of Replica-

tions

Description
Average number of patients arriv-
ing per hour
Time required for initial triage as-
sessment
Time for physician evaluation and
treatment decision
Time required for laboratory or im-
aging procedures
Time required for patient treatment
and monitoring
Administrative time for patient dis-
charge

Available triage staff

Available physicians per shift
Available ED treatment beds
Duration of each simulation experi-
ment

Independent simulation runs per

scenario

Distribution / Value
Poisson distribution (A = estimated
hourly arrival rate)
Triangular (min = 3 min, mode = 5
min, max = 8§ min)
Lognormal (mean = 15 min, SD =6
min)
Normal (mean = 45 min, SD = 12
min)
Lognormal (mean = 30 min, SD = 10
min)

Uniform (5-10 min)

2-3 nurses

4-6 physicians

20 beds

24 hours

30 replications

Data Source
Historical ED arrival
data
Hospital operational
estimates
Clinical workflow rec-
ords
Hospital diagnostic
service data
ED operational rec-
ords
Hospital discharge
workflow

ED staffing schedule

ED staffing schedule

Hospital capacity data

Experimental design

Simulation experiment

design

The parameters were based on historical emergency department operational data and estimates from existing literature to ensure
that patient flow dynamics were realistic. Not only did the experimental approach allow for the provision of quantitative evidence
to support the effectiveness of predictive and process improvement strategies aimed at optimizing emergency department operations,

but it also facilitated a systematic examination of proposed throughput interventions to mitigate congestion.

3.9 Simulation Experiment Design

Following the verification and validation of the discrete-event simulation model, a number of controlled simulation experiments
were performed in order to assess the efficiency of implemented operational improvement strategies. The objective of the stepwise
simulation experiment design was to explore systematically how variations in resource allocation and workflow management
interventions affect key performance indicators of emergency departments, across multiple demand scenarios.

Based on the operational strategies identified during the DMAIC improvement phase and predictive congestion insights from
machine learning models, four experimental scenarios were defined. The first scenario reflected the current operational practices
and staffing levels; it represented the baseline configuration of the emergency department. The other scenarios were alternative
interventions targeting reduced congestion during peaks of patient demand.

We explored different scenarios such as dynamic triage staffing, fast-track patient pathways implementation for low acuity pa-
tients, and predictive staffing allocation during congestion periods. These strategies were chosen as they target bottlenecks identi-
fied during the root cause analysis phase of the DMAIC framework, such as delays in triaging patients, limited physician availa-
bility and ineffective patient flow management.



Results from all simulations were thus made comparable by performing them under identical system settings. We used the simulation
software FlexSim Healthcare [56], a specialized simulation platform designed for modeling complex healthcare systems and patient-

flow processes, to develop the discrete-event simulation model.

The simulation model considered stochastic arrival processes and distributions of service times based on historical emergency
department data. To account for randomness associated with patient arrivals and service processes, each scenario was run multiple
times using different random number seeds. Each scenario in this study was performed with 30 independent replications to provide
statistical stability and lessen the effect of stochastic variability on simulation outputs represented in table 6.

The simulation run length was defined as a 24-h operational period, that is, one daily cycle of the emergency department. A warm-
up period was applied to enable the system to stabilize before performance metrics were recorded. The selected key performance
indicators used to assess the effectiveness of each intervention scenario included average waiting time, ED length of stay (LOS),
patient throughput, and the proportion of patients who left without being seen (LWBS).

Analysis of variance (ANOVA) was used to compare mean performance metrics across the different simulation configurations in
order to assess whether performance differences observed between scenarios were statistically significant. If significant differences
were found, post-hoc comparisons identified which experimental conditions produced meaningful changes relative to baseline.
This experimental design facilitated a quantitative assessment of proposed congestion management strategies and presented evi-
dence-based insights into the operational benefits that arise from the combination of predictive analytics with process improvement
frameworks.

Table 6.Simulation experiment scenarios

SCENARIO DESCRIPTION OPERATIONAL INTERVENTION

BASELINE Current ED operations Existing staffing and workflow

SCENARIO 1 | Dynamic triage staffing Additional triage nurse during peak demand
SCENARIO 2 | Fast-track pathway Separate stream for low-acuity patients

SCENARIO 3 | Predictive staffing allocation ~ Additional physician staffing during predicted congestion

4. Results
The effectiveness of the suggested hybrid approach, which combines Six Sigma methodology with predictive analytics, was evalu-
ated. To do this, the preprocessed MIMIC-IV-ED dataset was used to evaluate the performance of three applicable models; Logistic
Regression, RF and ARIMA. The results show how effectively the model is able to identify key areas of congestion and inform

operational responses.

Predictive Model Performance: The RF classifier outperformed on several performance metrics as compared to Logistic Regres-
sion. The RF model had a higher classification accuracy, meaning that more correct predictions must have been made overall for
this model. In addition, the AUC-ROC means increased scores show that it performed better in separating congested from non-
congested time slots. This also means that RF model learned the complex patterns better as compared to congestion conditions.
Table 7 provides a full comparison of the main evaluation metrics. 1. AUC-ROC curve , based on confusion matrix, the binary
classifier predict to classify a real class; it indicates true positive rate for all actual class of 0 and 1 SVM classifier with corresponding
score values produced by one model: TP (True Positive), FP (False Positive), TN (True Negative), FN (False Negative); Different
performance indicators fall to different specific branches such as F1-score, sensitivity and accuracy. As we can see from the results

RF model significantly outperformed Logistic Regression.



Table 7.Comparative Performance Metrics of Random Forest and Logistic Regression Classifiers

MODEL ACCURACY AUC-ROC PRECISION RECALL F1SCORE
LOGISTIC REGRESSION ‘ 0.79 0.83 0.76 0.74 0.75
RANDOM FOREST ‘ 0.88 0.91 0.87 0.85 0.86

Table 7 confirms the RF model's robustness in predicting ED congestion by demonstrating its superior performance across all

metrics, especially in AUC-ROC and F1-Score.
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Figure 5.ROC Curves for Logistic Regression vs. Random Forest

The Receiver Operating Characteristic (ROC) curves of the two predictive models RF and logistic regression for ED congestion
classification are displayed in Figure 5 which show that the RF classifier performed significantly better in terms of discrimination.
The fact that the RF curve is continuously higher than the Logistic Regression indicates that it is more sensitive and specific across
thresholds.

Feature Importance Analysis: To improve model interpretability, we performed SHAP analysis to estimate the contribution of
individual features to prediction results. The day of the week, holiday indicator, and patient arrival rate were the best predictors of
ED congestion, according to Random Forest's feature importance plot shown in Figure 6. The Random Forest classifier's top ten
features for predicting ED congestion are shown in this bar chart. The relative contribution of each variable to model performance
is shown in feature significance scores. Higher SHAP values indicated a higher likelihood of congestion, especially on peak arrival
hours and weekends. Also, these findings provide important insights into temporal and operational drivers of demand at the emer-

gency department.



Day of Week
Holiday
Arrival Hour
Triage Level
Weather Temp
Patient Age
Length of Stay
Mode of Arrival
Rainfall

Previous ED Visits

0.075 0.100 0.125 0.150 0175

Importance Score

0.000 0.025 0.050

Figure 6.Top 10 Feature Importances from Random Forest Classifier.

Time-Series Forecasting (ARIMA): The daily patient arrival rates were predicted using the ARIMA model. According to the
AIC/BIC criteria, ARIMA (2,1,2) was the best-fitting model. The capacity of ARIMA to capture trend and seasonality is shown in

Figure 7.
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Figure 7.ARIMA Forecast of Daily Patient Volume (Next 14 Days)

In short-term projections, the model considers seasonality and trends found in previous data. Whereas the dashed green represents
the prediction, the blue line represents the historical actual patient count. The grey region represents the 95% predicted range, which
is the expected range of inflow fluctuation. Hospital planners can proactively modify staffing and other resources thanks to the
model. Additionally, they can modify triage procedures to accommodate shifting demand.

ARIMA was relatively less predictive than other machine learning models but still helped provide insights that could be used for

short-term demand prediction and resource planning.

Simulation of Process Improvements: As indicated in Table 8, simulations of various situations were carried out using the actual
MIMIC-IV-ED dataset under high traffic density scenarios. This is to validate the operational impact by integrating the predictive
science and Six Sigma DMAIC. These extreme congestion periods were determined when the number of patient arrivals exceeded

the 90th percentile. We apply RF and ARIMA classifier for making predictions.



The simulations helped to assess the likely effect of several targeted process interventions on key ED performance indicators. Inter-
ventions included proactive rescheduling, triage workflow optimization and dynamic staff reassignment. Each anticipated patient

traffic scenario was used to staff and triage the emergency department.

Table 8. Simulation results across scenarios

Scenario Waiting Time (min) LOS (min) = LWBS (%)
Baseline 58.3 210.5 6.1
Dynamic Staffing 49.7 190.2 5.6
Fast-Track Pathway 46.3 182.8 53
Predictive Staffing 454 175.6 5.1

In general, simulation results indicate that all intervention scenarios were better than baseline performance. The greatest reductions
were achieved with predictive staffing, leading to a 22% lower waiting time and a 17% reduction in the left without being treated
(LWBS) rate.

Statistics Approach to Simulation Outcomes: One-way ANOVA was performed on the improvement in each simulation scenario
to statistically evaluate the significance of the differences seen. To examine the difference among the mean values for patient waiting
time and emergency department LOS under different scenario simulating baseline operations and proposed intervention strategies,
we apply ANOVA test. Each scenario was executed across 30 independent replications and average performance metrics were
collected to ensure statistical stability.

ANOVA showed significant difference (p < 0.01) among different scenarios for waiting time and LOS indicating that at least one
scenario of interventions had meaningful improvement over the other scenarios. In particular, the F-statistic values indicated signif-
icant between-group variance compared to within-group variance, indicating the rejection of the null hypothesis saying all scenario
means are equal.

Therefore, to better understand in which scenarios these differences were highlighted, a post-hoc multiple comparison analysis was
performed using Tukey's Honestly Significant Difference (HSD) test. The post-hoc analyses suggested that the predictive staffing
allocation scenario significantly decreased both waiting time and LOS compared with baseline (p < 0.01) as shown in table 9. Also,
the fast-track pathway and dynamic staffing interventions showed improvement, but they were not as pronounced as predictive

staffing.

Table 9. ANOVA Results for Simulation Scenarios

METRIC F-VALUE P-VALUE SIGNIFICANCE
WAITING TIME | 12.84 <0.001 Significant
LOS 10.57 <0.001 Significant

Such evidence confirms that the implementation of predictive analytics to guide staffing decisions translates into measurable and
statistically significant improvements in emergency department functioning. Replication-based simulation followed by inferential
statistical analysis contributes to the robustness and reliability of the results, as any observed improvements cannot be attributed to

randomness in the simulation process.



Control Phase Monitoring: The Control phase was conducted following the realization of process improvements in accordance
with the DMAIC paradigm and interventions based on predictive analytics. This is to ensure long-term, sustained performance
increases.

Over the course of a 30-day study period, ongoing fluctuation in KPIs was tracked using statistical process controls, specifically the
X-bar control chart, in accordance with Six Sigma principles. Figure 5 displays the process mean, UCL, and LCL of time control
chart that the average patient must wait. Furthermore, in the plot of post intervention data appeared to be completely contained
between control limits thus depicting the process is stable without marked shifts or trends.

Annex, that data listed a decrease in process variability relative to baseline conditions, which translates into less throughput issue
and a smoother out-of-box performance. Control chart-like analyses were conducted on the LWBS rate. This denoted stable function
within the normal limit, which also enhanced trustworthiness of treatment. These are example of nice feedback loops that can be
used for early detection of performance divergences. This allows us to quickly adjust against any drift that may occur later. Meas-
uring progress in the control phase also promotes a culture of continuous quality improvement. Of course, it is not only the perfor-
mance of a process that gets enhanced but its persistence. Then Long further emphasizes the short time gain than long term by
implementing six sigma and predictive models in medical centers' ED which brings about excellence in hospital operation like at

the administration of an ED system depicted in fig. 8
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Figure 8.X-Bar Control Chart for Average Patient Wait Time

5. Discussion

In this paper, we discuss the applicability of predictive analytics in reducing overcrowding in emergency departments with the use
of Six Sigma DMAIC and an analytical simulation model. The Random Forest that was developed showed great predictive accuracy
(AUC =0.9) and high calibration performance which confirms the potential of using it for predictions around congestion events in
complex health care environments. In summary, the fusion of SHAP explainability with calibration analysis greatly improves both
reliability and interpretability, two components necessary for decisions that may affect patient care. SHAP analysis suggests the
most important predictors of traffic patterns are related to temporal factors, like times of day/week or indicators for holidays. Pre-
vious work has recognized the importance of temporal dynamics for emergency department throughput and these results are con-
sistent with that earlier literature.



It used predictive insights to identify operational bottlenecks and design the most relevant mediations accounting for assumptions
as a part of DMAIC flow. This study adds to existing work reframing predictive functions or process improvements as disconnected
from operational decision-making by linking prediction and operational decision-making through a holistic lens.

The performance of proposed framework is verified through simulation results. The model was simulated using a state-transition
framework, which enables safe and controlled assessment of competing intervention strategies without disruption to clinical day-
to-day practice. Of all the tested scenarios predictive staffing allocation had the greatest performance impact, further reinforcing the
value of data driven resourcing. This showed that the excellent performance observed across all simulation scenarios was justified
by the proposed method. This ensures that what we find is solid and not just bending under some random variability related issues
(as discussed in our previous article): ANOVA based replication simulation.

This study adds to the existing literature with three main features:
- Prediction using Machine Learning
- Improvement of process (DMAIC).
- Validated by simulation."

This joint approach occupies a meaningful gap in the literature and builds a scalable framework on which to enhance operations
within ED environments. In addition to contributing to the literature of data driven healthcare operations, this study illustrates that
when predictive models, process improvement methodologies and simulation-based validation methods are viewed under a com-
mon lens that can provide new insights. This is critical to making analytical output actionable and sustainable in complex healthcare
systems.

6. Conclusion

This study developed a multi-modal integrated approach combining machine learning—based predictive analytics, Six Sigma
DMAIC process improvement methodology, and discrete-event simulation to understand how best to alleviate overcrowding in the
emergency department. MIMIC-IV-ED data4 and context-informative annotated inputs resulted in the overall highest predictive
performance including discriminative ability for other models noted that both Random Forest (top) and ensemble approaches were
preferred. Calibration analysis validated that predicted probabilities were reliable, and SHAP-based explainability demonstrated
important contributors of congestion was in accordance with logic (temporal features) while flow population was reflected by patient

inflow.

DMAIC framework helped identify operational bottleneck systemically, it also recommend possible push or pull interventions to
implementation towards production optimization. In the discrete-event simulation model, it provided a controlled environment in
which to pitted against these strategies under relatively more natural circumstances without micromanagement of clinical operations.
Outcomes From Simulation Model: Outcomes from the simulation model showed significant improvement in KPIs (eg, waiting
time or length of stay and LWBS rates). To put it differently, ANOV A showed that these improvements were statistically significant

rather than coincidental changes.

In fact, we are not aware of any studies that have managed to address these linkages between data modeling solutions and clinical
practice/process adjustments in healthcare settings, so our proposed framework constitutes the bridge from data analytics to
healthcare realities. The methodology described in this study combines predictive analytics, process optimization and simulation
validation to create a scalable transferable framework that can potentially be deployed across other domains within health systems

for enhancing operational efficiency and quality of care.



7. Limitations and future work

Although these results are exciting, there are a few caveats that we would have to consider. First of all, this study relies on a
retrospective dataset (ie, MIMIC-IV-ED) from one healthcare system. This might affect the generalizability of results to other hos-

pitals with different patient populations, resource availability, and workflow.

Second, while we cross-validated the simulation model against historical data to ensure its accuracy, it is a highly simplified reflec-
tion of the complex clinical care provided in a real-world emergency department. Finally, some attributes that influence a clinical
pathway outcome (for example human behavior or the fatigue of personnel) are not modeled directly, and may in turn affect the

actual performance of the system.

Third, the forecast models have been based solely on historical and context variables as inputs and may be inadequate to account
for sudden changes to patient demand (for instance during a public health crisis or exogenous shock). Finally, your model’s perfor-

mance can begin to deteriorate over time unless it is continually retrained with new data.

Fourth, the study closely examines operational performance indices (eg. waiting time, LOS and LWBS) rather than screening pa-
tient-centered outcomes such clinical quality or even patient satisfaction or safety measures directly. First, costs associated with the
implementation (staffing changes and workflow redesigns) of the proposed intervention were not taken into account. Assessing the

cost-effectiveness of implementation is therefore a key step to establish whether this would, in fact, be feasible in practice.

Future research will need these(implementation studies) to evaluate the framework proposed, in these same clinical settings. And
taking deployment of the predictive model to hospital information systems and decision-support platforms so as to factor in real-
time congestion estimations and dynamically distribute resources. A multi-center study design across various healthcare systems
will make the model generalizable in addition to being robust. The predictive performance could be expected significantly better
due to further trialing in advanced machine learning approaches like deep learning and hybrid models. From a simulation perspective,
further work could expand the model to incorporate more detailed data of patient pathways, staff behavior and departments elec-
tronic shift proportions. This could enable a whole range of set-level and deeper studies of current model-wise interactions via the

integration of this type of agent-based modelling with discrete event simulation.

Future studies also should assess the effect of proposed interventions on patient-centered outcomes, including satisfaction as well
as measures of clinical quality and safety. Having integrated cost-benefit and economic evaluation analysis would also be important
to better guide the decision-making of healthcare administrators. Finally, the convergence of digital health technologies (real-time
data-steams, Internet of Things (IoTs) devices and interoperable health information systems) will create a unique opportunity for
fully adaptive congestion management systems capable of complementing current converging 21 century clinical care digital trans-

formation initiatives.
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