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ABSTRACT: Patient flow through healthcare systems is a multifaceted process. Emergency department (ED) patient
flow directly impacts access block and inpatient bed management, while optimizing inpatient flow improves efficiency
and care quality for multiple service areas. However, existing intelligent healthcare solutions for managing patient flow
remain narrow in focus and scope, with few tackling the challenge of ED and inpatient bed management in a holistic
manner. Al-augmented big data technology is emerging as a key capability for enhancing healthcare operational
performance. Real-time big data ingestion pipelines combined with states-aspect big data architecture enable large-
scale integration, management, and utilization of various data sources, breaking down data silos that impede real-time
data-driven decision-making. Al research has shown strong potential in improving patient flow, but progress has been
fragmented.

Key performance indicators for ED patient flow targets encompass throughput, wait times, length of stay, correctness
of admissions and discharges, and avoidances; for inpatient bed management, they include occupancy levels, timely
discharge planning, and efficient bed-cycle times. The maturity model and adoption roadmap provide a structured best-
practice guide for leveraging big data and Al technology to enhance patient flow across all stages. A compliance
framework aligned with governance policies steers legal and ethical use of data assets; privacy-preserving technigques
mitigate data-sharing concerns, fostering real-world application of research insights.

KEYWORDS: Al, Big Data, Healthcare, Patient Flow, Predictive Scheduling, Optimization, Deep Learning, Decision
Support, Reinforcement Learning , Queuing Theory.

I. INTRODUCTION

Patient flow optimization in healthcare is notoriously problematic, especially in emergency departments where
congested workflows result in patients waiting longer and suffering worse health outcomes. Improved patient flow
reduces costs while also increasing staff morale and helping healthcare organizations better deliver on their mission.
Patient flow can be conceptualized as a multi-stage process involving patient arrival, screening, treatment, and so on,
each stage contributing to hospital throughput. Nevertheless, existing research and implementations have addressed
only specific aspects, while several high-impact opportunities remain unpursued or unexplored.

Big data can support operational optimization at these different stages with search engines, prediction models,
optimization solvers, and optimization-based decision support systems. Although patient flow relies on data stored
across different systems—incoming requests, internal expert knowledge, maintenance schedule, and so on—the
common data-handling challenge is data silos and the associated lack of interoperability. A healthcare big-data platform
addresses this by ingesting and integrating data from diverse sources, thus providing a global view that enables patient-
flow optimization. Al methods can help accomplish these tasks, streamlining production and communication processes
while improving the predictive and prescriptive capabilities available in data-augmented decision support tasks.

1.1. Problem Statement and Significance

Patient flow optimization across the entire healthcare delivery process can substantially improve operational efficiency
while reducing patient wait times and length of stay. Nonetheless, patient flow continuously evolves, making proactive
optimization challenging. Consequently, patient flow optimization is often addressed with historical data and heuristics.

An Al-augmented big data platform leveraging real-time and historical data could facilitate intelligent patient flow
optimization throughout the patient journey. In the ward environment, a real-time, adaptive bed management solution
maximizes bed availability by maintaining occupancy within specified targets, expediting discharges, and enhancing
bed-cycle efficiency. During the emergency department phase, Al-enabled reinforcement-learning workflows support
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predictive demand management, bed assignment, and resource scheduling, guiding human operators through an
interactive decision-support process. Together, these innovations streamline healthcare delivery within and between
two of the most crucial operational units in every hospital.
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Fig 1: Healthcare Patient Flow Optimization

1.2. Scope and Objectives

The manuscript covers the establishment and augmentation of a healthcare big-data platform, with a focus on patient
flow optimization. Patient flow across the emergency department, inpatient wards, and operating theatres is addressed
holistically, with four targets defined for the ED, and three for bed management. For the ED, the goal is to increase
throughput while shortening wait time and length of stay, improving disposition accuracy, and increasing admission
avoidance. Inpatient bed management prioritizes achieving occupancy targets, ensuring timely discharge planning, and
expediting the bed cycle.

By proposing compliance frameworks to address ethical, legal, and societal concerns, and through the application of
innovative, privacy-preserving techniques such as MPC-enabled multi-device access control and differential privacy,
the work supports data usage for machine learning without obtaining additional consent from affected patients. The
strategies proposed in the work are expected to enhance patient flow efficiency as well as quality and cost-effectiveness
of care, and to be applicable to numerous healthcare institutions in other countries.

Equation 1: Average patient wait time

For patient i:

e g;=arrival timeto ED

e s;=time the patient is first seen by a clinician
Then the wait time for patient iis

Step-by-step derivation

Step 1: Individual waiting time
A patient waits from arrival until first clinical contact.
So,

waiting time = service-start time — arrival time

Hence for patient i,
W =S8 —Qq;

Step 2: Total waiting time for Npatients
If there are Npatients in the observation period, total wait time is
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i=1

Substitute Wi = S§; — Q.
N

Z(Si - a;)

i=1

Step 3: Average waiting time
By definition, average = total / number of patients:;

N

_ 1

=g m
i=1

Substituting again,

1 N
W= NZ(SL' —a;)
=1

Il. THEORETICAL FOUNDATIONS

Al-augmented big data platforms enable real-time prediction and optimization of patient flow and associated resources
during normal operations and crises. A review examines Al methods tailored for hospital operation. Specific targets are
defined for emergency department scheduling and inpatient occupancy management. The adoption of predictive and
prescriptive Al together with big data architecture is expected to support more effective operational decision-making
and improve hospital performance.

Healthcare is one of the most data-rich sectors. Powered by developments in computing, data storage, artificial
intelligence (Al), and Internet of Things (1oT) technologies, large amounts of structured and unstructured data can now
be analyzed in real time. However, the complexity of healthcare services means that despite these advancements, real -
time prediction and optimization of patient flow and associated resources continue to be challenging—maost hospitals
still rely on human experience for day-to-day operational decisions. Al-augmented big data platforms support the
prediction of emergency department (ED) patient arrivals, inpatient length of stay, and acuity, bed-handoff and
discharge times, and inter-ward transfer demand. Whenever ED arrivals exceed a designated threshold, predictive
information enables timely remediation decisions.

2.1. Big Data Architectures in Healthcare

Al-augmented big-data platforms for intelligent healthcare patient-flow optimization: Progress in intelligent patient-
flow prediction, scheduling, and management. Research characterized by COVID-19 disruption; major changes in
patient arrivals; pressure on emergency services; delays. High throughput vital in high-pressure situations. Patient flow
seen as multi-stage process. Al-enabled big-data capabilities of operational optimization augment intelligent healthcare.

Patient-facing services, enabling daily operations, and still-untapped decision-support capabilities, such as predictive
real-time analytics. Al widely used to optimize operational processes in business domains: predictive schedules, real-
time response planning, resource allocation, queuing systems, reinforcement learning, optimization under uncertainty,
and decision-support in-depth or at high throughput. Framework proposed to harness Al and big-data for optimal-
anomaly detection: Al-enabled business processes feeding real-time descriptive and diagnostic analytics into
operational activities or enabling clinical practice insights progressively, outside business-as-usual patterns.

Big data architecture describes data sources for healthcare, the 10 Vs of big data, interfacing problems, multilevel detail
of the five-layered data-architecture definition for business-focused big data. Data pipelines connect decision-support,
process-enabling, and patient-facing big-data capabilities. Business process-understood flow-related key-performance
indicators deployed in major services. Data governance pragmatics emphasise realities of big data: unregulated,
uncontrolled data, and planning conducted in-light of existing-available-already used data. Real-time video-analytic
data described as particularly non-governed, outside the Al-enabled decision-support capability-given framework.
Data-design reproducibility built-in by defining data use, consent, and governance through capability requirements
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mapped to the institution’s standards. Privacy-preserving solutions de-identification, differential privacy, secure multi-
party computation, and access control processes.
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Fig 2: Big Data Architectures in Healthcare of Al-Augmented

2.2. Artificial Intelligence Methods for Operational Optimization

Al techniques supporting decision-making during patient flow in hospitals. Patient flow in hospitals is a complex
system serving every patient. Therefore, models that can offer multidisciplinary decision support to hospital staff can
make optimal use of resources. A subfield of Artificial Intelligence methods is used to assist staff during the patient
flow in hospitals. The purpose is to optimize the patient flow in hospitals for the emergency department and the
inpatient services through three dimensions of decision support: Predictive analytics for demand and operational-
specific resource scheduling, Queuing Theory for service efficiency and Reinforcement Learning for Scheduler Agent;
new processes and monitoring solutions are designed for Facilitation support and final Disposition support.

High-dimensional data are generated from clinical operations in hospitals and are grouped as Big Data: Structured Data
at Rest generated mainly from the Hospital Information System (HIS) and Integrated Clinical Workstation (ICW) and
Unstructured Data in Motion generated from Hospital Real Time Location System (RTLSS). In accordance with the
Big Data Operation method, these data sources are integrated and provide near-realtime streaming data. Quality
governance processes ensure that both data type feeds can be used without loss of reliability. Stream analytics methods
are followed by Predictive Analytics deployment and well-known State-of-the-Art techniques are integrated for Testing
purpose.

Equation 2: Average ED length of stay (LOS)
Step-by-step derivation

Step 1: Individual LOS
A patient remains in ED from arrival until discharge/admission/transfer.

So,
fi = di — Q;

Step 2: Sum over all patients
For Npatients:

N

2.6

i=1
Substitute:
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Step 3: Average LOS
Average LOS is

Hence,

N

- 1

L= (dima)
i=1

I11. METHODOLOGY

The ingestion and processing of big data follow a common methodology in which a continuous stream of data flows
from its source to downstream analytics applications. The type of processing depends on the nature of the data, the
desired ingestion latency, and the real-time processing demands of the applications. However, for many applications,
the data comes from multiple sources and in various forms, both structured and unstructured. Therefore, the disparate
data must be transformed and integrated before being made available to analytics applications using data lakes,
warehouses, or buildings.

The integration of data from silos and databases for big data analytics is one of the most difficult challenges, and
processing traditionally has been performed in a batch mode. In addition, the lack of quality control mechanisms
hinders the value realisation from these processes leading to data quality-related issues in machine learning-based
analytics solutions. Therefore, a systematic architecture for data-powered services includes data pipelines that enable
quality-checked ingestion, integration, and storage of data in different forms. The pipelines ensure that the data remain
fit for use, are easily accessible, and can be reused for different applications. Furthermore, provenance information is
also captured to provide traceability of the data flows throughout the analytics lifecycle within the platform.

3.1. Data Ingestion and Integration

A big-data ecosystem stores data at scale in raw or semi-structured formats for high-throughput batch or query
processing. Two paradigms enable operational intelligence in a real-time framework: streaming batch processing and
fast integration of structured and unstructured data streams. A streaming architecture executes foundational data
engineering pipelines incrementally over time, while conventional pipelines run periodically with a longer dwell time,
integrating new data from databases, data warehouses, RESTful APIs, or cloud sources. Internet of Things devices also
generate streams of real-time operational data. Traditional data lakes lack provenance capabilities. Proactive quality
improvements and corrective actions must be augmentable with external feedback.

Real-time patient-flow optimization requires timely updates to queues and patient trajectories. Predictive models using
data streams drive near-real-time optimization. A fast predictive model updates at least one stream-latency requirement,
such as predicting next-event distributions, wait times, or length-of-stay histograms. Predictive models relying on
inference and back-propagation may lag real-time requirements. Predictive queuing-theory models vyield true
distributions for simple first-come, first-served-type queues. A non-parallelized version of a safety-first optimal control
model for coronavirus disease outbreak response illustrates state-of-the-art response speed.
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Fig 3: Technology integration in a Healthcare

3.2. Data Management and Quality Assurance

Effective management of data quality, governance, and provenance is vital to the success of any intelligent patient flow
management initiative. Frameworks are required to ensure data quality, allow re-use and improve trust. Implementing
comprehensive data governance and quality-assurance mechanisms maintains public trust and minimises ethical and
reputational risks, even enabling the use of partial datasets when holistic data-privacy safeguards cannot be deployed.
Maintaining data provenance is paramount, guiding users on the appropriateness and quality of data for different use
cases. Data used for any task that requires a high degree of precision, or is sensitive in nature, should meet
organisational expectations regarding bias, falsification, validation and appropriateness. Data capture should follow the
principles suitable for big-data intelligence: “fast, cheap and good enough”. Workflows must be included that allow for
automatic validation, cleaning, bias removal and de-duplication of structured data sources, and which allow for the
semi-automatic or human-driven cleaning and natural-language processing of unstructured sources.

Equation 3: Disposition / admission prediction accuracy
Define an indicator function:
169, = _ {1, if prediction is correct
G =)= 0, ifprediction is incorrect
Step-by-step derivation

Step 1: Count correct predictions
For one patient, correctness is captured by

1 =y1)

N
2 (Ji=y)
i=1

Step 2: Total number of correct predictions
For Npatients:

Step 3: Convert count into proportion
Accuracy is proportion correct:
number of correct predictions

Accuracy = —
Y total predictions

So,
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N
1
Accuracy = NZ 1(Y; =y)

i=1

Optional confusion-matrix form
If we write it in admission-classification terms,
TP+ TN

A =
CCUraeY = TP ¥ TN + FP + FN

where:

e TP: true positives
e TN: true negatives
e FP: false positives
e FN: false negatives

IVV. OBJECTIVE OF THE STUDY

Two hospital use cases guide the design of an Al-augmented big-data platform. The first concentrates on improving the
speed and accuracy of emergency department services; the second on optimizing inpatient bed management.

Despite the known and measured benefits of reduced emergency-department wait times—increased throughput,
shortened length of stay, greater consistency of disposition decisions, and fewer inpatient admissions that could have
been avoided—operational staffing and resource-allocation decisions are seldom supported by predictive models that
provide forecasts of likely demand and the future state of the system at short notice. Al-enabled workflows therefore
aim to reduce the predicted and actual mean wait times by enhancing both predictive scheduling based on seasonal
demand patterns and pre-incident scheduling at the scene of accidents, as well as by better estimating likely demand in
the immediate future and thus improving the timeliness and accuracy of staffing and service-allocation decisions.

Inpatient bed management consists of orchestrating the admission, transfer, and discharge of patients to maximize the
efficiency of hospital resources, minimize the time patients wait for a bed, and provide accurate information about
when a bed will be available. The target is to shorten the turnaround time of an inpatient bed, which can be measured
by the percentage of early discharges, the time difference between actual discharges and those predicted the day before
by noon, and the standard deviation of this time difference.

Equation 4: Bed occupancy rate
Step-by-step derivation
Step 1: Understand occupancy as a fraction

Occupancy means:

. . occupied beds
fraction occupied = ————

total beds
So,
BOCC (t)
Btot
Step 2: Express as percentage
To convert a fraction to percent, multiply by 100:
0 _ Bocc (t)
Occupancy %(t) = x 100
tot
Thus,
By (t
Occupancy %(t) = L() x 100
Btot
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Step 3: Daily average occupancy
If occupancy is sampled at Ttime points in a day, mean daily occupancy is
T

- 1 B (t)
Occ = = E =~ % 100
T Btot
4.1. Emergency Department Throughput

Targeting emergency department throughput requires close attention to four key metrics: the average wait time for
patients to be seen, the average length of stay, the proportion of non-admitted patients who are dispositioned correctly,
and the proportion of patients who are admitted unnecessarily. The research literature consistently shows the strongest
correlation between these four metrics and emergency department crowding. When any of these are excessively high,
congestion can negatively affect not only patients arriving for ED care but also those needing treatment elsewhere in
the hospital.

For bed management, the primary target is bed occupancy, as reflected in the hospital’s real-time dashboard and
compared to a target level that is not exceeded during the day. Timely discharge planning for patients soon to reach the
end of their stay, and a short average length of time that a bed is available after being vacated, are also critical. These
measures are aggregated into the length of the bed cycle for the hospital, from the point when a patient is discharged
until the moment it is next occupied.
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Fig 4: Artificial Intelligence Is Revolutionizing Emergency

4.2. Inpatient Bed Management

Four targets guide the use of big data and Al in facilitating better hospital bed management. First, bed occupancy levels
should be maintained within specified limits for a given season. Second, unnecessary discharge delays for patients with
medical clearance should be minimized by ensuring that they are discharged by target time slots. Third, the time taken
for patients to be transferred out of the active care area and into their next phase of care must be reduced. Finally, the
bed-cycle time for each hospital bed should be shortened to support a higher throughput of patients.

These objectives tackle two interconnected concerns: surge capacity and bed management. Previous research sought to
maximize occupancy levels above 90% during peaks, while newer papers favored keeping occupancy levels out of the
red in key season blocks. The targets here, which aim to align both priorities, stem from a synthesis of existing work.
While causality is hard to establish, health authorities universally recognize that faster discharges from current
admissions free up beds for incoming patients, thereby lowering probability of delays.
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V. RESEARCH SUMMARY

Compliance frameworks delineate the permissible uses of sensitive patient data, specifying conditions for data sharing,
research use, and patient consent procedures. These frameworks align with institutional policies, balancing the
advancement of scientific knowledge and the preservation of individual privacy. Privacy-preserving techniques address
privacy concerns during data sharing and data analysis. The foremost technique is the identification of individual-level
data records using techniques such as de-identification. This technique reduces but cannot fully eliminate the risk of re-
identification. Applying differential privacy ensures that the inclusion or exclusion of an individual's data record from
the analysis does not significantly affect the outcome and enables the whole data to be used without consent. Secure
multi-party computation protects the confidentiality of the individual's data records when being used by others. The
restricted control of data access also mitigates the risk of privacy breaches.

Al-augmented big data platforms provide the capabilities to open the data silos and perform real-time data analytics on
the real-time patient data to improve the patient flow management and delivery of healthcare services. The key
performance indicators applicable for patient flow management concern the emergency department (ED) and inpatient
bed management, focusing on the four high-dimensional problems. For the ED, the targets of patient flow optimization
concerning ED throughput are the reduction of patient waiting time, timely admission decision, precise admission
prediction, and reduction of admission avoidances. For the inpatient bed management, the objectives to be optimized
concerning patient flow across beds are the adherence of bed occupancy to target levels, timely discharge planning
before patients reach recommended discharge dates, and improvement of bed-cycle reliability of individual beds.

Equation 5: Discharge prediction error
Step-by-step derivation

Step 1: Individual discharge error

Prediction error is always actual minus predicted:
If e; > 0, discharge occurred later than predicted.

If e; < 0, discharge occurred earlier than predicted.

Step 2: Mean discharge error
Across Npatients,

Substitute e;:

Step 3: Standard deviation of discharge error
The article also mentions variability in this difference. Standard deviation is:

Substitute e; = d; — d;:

1 S
o= |5 [—dy-é]
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5.1. Compliance Frameworks

Several compliance frameworks govern the use of data in a tertiary healthcare environment. These frameworks
encompass data privacy, governance, use of data for research purposes, and consent processes. Within the institution
hosting the research project, these frameworks have clear links to existing policies. The implementation of a data
platform that ingests, integrates, and manages cloud data will facilitate compliance with institutional policies. Most
compliance frameworks align with the principles of privacy by design, thus giving assurance that privacy and
confidentiality have received sufficient consideration when data is made available for research use. To this end, the data
platform will implement various privacy-preserving techniques, enabling data owners to share with or without patients’
identities.

Implementing privacy-preserving techniques such as de-identification, differential privacy, secure multi-party
computation, and access control mechanisms enables data to be utilized effectively for research and analytical purposes
while balancing risk in privacy and confidentiality violations against the value of the research.

5.2. Privacy-Preserving Techniques

Compliance frameworks governing data use, consent management, and information governance processes for the
innovation follow institutional policies and use the appropriate controls and documentation to demonstrate adherence.
Several privacy-preserving techniques share their use to address the sensitive nature of healthcare data, including de-
identification techniques for privacy-preserving data sharing, differential privacy applied to the result of predictive
models, secure multiparty computation for jointly building a predictive model without exposing the original data, and
controlled data management by means of access control policies.

De-identification: Data are considered to be de-identified when they can no longer be associated with the subject they
describe. The procedure consists of removing or obfuscating data elements that identify a patient directly or contribute
to the possibility of re-identifying a patient. Re-identification risk remains if the data is shared with other sources.
Besides avoiding the use of names, addresses, ID codes, and date of birth, these elements are considered direct
identifiers (and removed), other elements are indirect (also called quasi identifiers). When their combination in a small
dataset is known to an attacker, they pose a risk. An identification risk assessment performed allows determining
whether to remove them or not. Such methods increase data utility, data usability, and confidentiality. A risk/benefit
assessment is also crucial, taking into consideration that a zero risk is often impossible to achieve.

Differential Privacy: Different methods exist to define privacy preservation for predictive models. A unique definition
requires that any query would produce similar results whether or not participating in the analysis, a requirement
captured by the concept of differential privacy. That is, an adversary observing the outcome should learn nothing new
about whether a particular individual's information was included in the input dataset. Models are considered a more
general form of analysis when implementing such an approach. When an individual has low contribution to the model
output, yet information of other individuals holds great importance, the risk facing her can be diminished with higher
risk for the others, and vice versa.

Controlled Data Management: The main aim of secure multiparty computation is to provide a method for evaluating
functions of inputs from several parties without leaking information apart from the final output. The proposed methods
produce a model that is a combination of the datasets of several parties that do not need to be combined in a single
store. Partial functions from each original dataset are locally computed, whose projections are shared and fed to the
final model without exposing confidential or sensitive pieces of information either from any training set.

VI. RESULT

The most pertinent performance targets for patient flow optimization in a healthcare setting revolve around improving
overall ED throughput and inpatient bed management. Hospitalized patients rely on ED services for diagnostics and
treatment and their stay depends on the availability of inpatient beds; better ho spitalized patient management—aside
from contributing toward increased patient and staff satisfaction—should also enable better management of outpatient
and ED services. These aspects can be reliably represented using a set of commonly defined metrics: for the ED, the
wait time to be first seen, ED LOS, accuracy of speculation regarding admission and avoidances, an in support of
inpatients, appropriate occupancy levels, timely decongestion planning, and reduced bed-cycle time.

These measures, albeit representative, are simply a starting point for optimization, and additional key performance
indicators (KPIs) can be specified as desired over shorter time spans and achieved in terms of more complex
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interactions. The work itself does not provide such extra levels; instead, it focuses on enabling a PoC setup of a
hospital-specific solution. Indeed, for these analyses, a complete Al-augmented big data platform is not required;
rather, a single service, or several, operating in a proof-of-concept fashion, is sufficient. The ultimate ambition is to
comply with an aspiration of homogeneous performance across all levels and all operational aspects of a health
institution.

Derived maturity progression from the article roadmap

—&— Operational capability
54 Governance/risk control

Relative maturity (1-5)

Level 0 Level 1 Level 2 Level 3 Level 4 Level 5

6.1. Key Performance Indicators

Key performance indicators (KPIs) quantify the quality of a healthcare institution or system. Highlighted below, the
selected KPIs focus on two functions widely recognized by both practitioner experience and healthcare modelling and
simulation studies: emergency department throughput control for ambulatory patients and inpatient bed management
targeting hospitalized patients. Additional patient-oriented reflected KPlIs, traditionally used in the healthcare sector
itself, capture whether services are provided in compliance with service-level agreements (SLAs) and deliver reliable,
efficient, and effective care.

Emergency department flow management establishes the necessary capacity and operational domain to meet wait-time
targets. ED patient arrivals require an even split between walk-in patients and ambulance patients, which improves
patients' quality of services. Admission avoidances reflect the capacity of the ED to treat patients without the necessity
for further monitoring, particularly for complex conditions. Hospital inpatient bed management positions the institution
to accommodate patient admissions from the ED without surpassing the existing give-up threshold. Bed occupancy
ensures sufficient resources to deal with serious cases, particularly during busy periods. Bed-management processes
also focus on making patient discharge decisions early enough, enabling the actual need for a bed to be reflected in the
use of the institution's resources. Finally, the hospital-regulating authority expects a reduction in the length of time that
a hospital bed remains unoccupied following a patient discharge and that patients requiring admission can be
accommodated in any suitable bed, regardless of specialty.

6.2. Experimental Design and Validation

Key performance indicators for successful patient flow optimization in critical-care settings include emergency
department throughput (waiting time, length of stay, and disposition recommendation/disposition accuracy), inpatient
bed management (emergency service occupancy/overcrowding, timely discharge planning, and minimizing unplanned
bed-pool empty cycles), and providing timely and accurate advice to other services.

A preexperimentation phase aims to ensure the reproducibility of results and avoid bias in the performance assessment
of Al-enabled workflows. This phase defines the datasets to be used in the experimentation, specifies the baseline
methods to compare against, develops the evaluation metrics and validation protocols required for assessment, and
ensures that the data-generating process is clearly described so that others can replicate the experiments. Experiments
focus on the EM forecast task and measure how known EM load forecasts influence the newly proposed SLA system
for other critical-care services. Results are subsequently compared against an unaugmented historical period to gain
further insights into the achieved transferability.
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VII. CHALLENGES AND MITIGATION STRATEGIES

Data silos and limited interoperability pose significant challenges to healthcare big data strategy, hindering integration
of diverse datasets and compromising the reliability of data-driven models and applications. Inadequate integration
leads to blind spots that reduce the coverage of predictive models, while poor interoperability impedes access to real-
time data required for decision-support applications. Integrating information from data silos enables Al-based technical
workflows to utilize richer feature representations, while increasing real-time data availability improves the
responsiveness and expected performance of Al-enabled decision-support systems. Establishing governance
agreements among internal and external stakeholders is a prerequisite for executing these integration actions.

Scalability and latency considerations also impact the effectiveness of healthcare big data strategy. As both the volume
of stored data and the number of predictive models increase, data management, model construction, and model
execution become time-consuming operations that cannot be executed each time new predictions are needed.
Architecture choices that facilitate caching, parallel model generation, and online learning approaches that update
models using newly available labels mitigate these concerns. In latency-sensitive applications such as real-time
prediction of patient arrivals or emergency department patient departures, the key challenge is ensuring that the models
called upon to generate predictions have been trained and tested on the most recently available data. Consequently,
appropriate governance measures must be established to specify how frequently each model needs to be retrained and
updated, given its expected usefulness.

7.1. Data Silos and Interoperability

Data silos and system interoperability are two common problems affecting the healthcare sector. Many healthcare
organizations have proprietary software packages that fit their needs but do not work with other systems operated by
external organizations. An honest data-sharing agreement among all stakeholders can help integrate these silos over
time, though agreement can be difficult to reach, given differing priorities. To provide the best possible patient care, all
stakeholders need more than their individual systems; they need a unified and shared perspective.

Real-time performance prediction and operational-reinforcement learning can require a reliable history of both
prediction and performance. Experimentation often relies on a sufficient volume of past data to approximate a steady
state, while training practical reinforcement-learning agents will need a range of operational circumstances for
generalization. Ad-hoc clustering, statistical similarity models, and historical covariance can serve as part of a facility-
specific patch-up for such conditions until sufficient data volume allows proper generalization. Balancing too great a
patch-up effect against the risk of low quality in either data or model generally requires the practice of industrial design
in setting priorities between these artificial boundaries.

Derived relevance of methods discussed in the article

w £
1 1

Derived priority score (1-5)
N

7.2. Scalability and Latency
The effectiveness of an Al-enabled coordinator hinges on accessing the latest available data in a timely manner. Data
silos that persist despite architectural convergence introduce a degree of latency that can limit the overall performance
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of the system. Latency can also be attributable to expensive model inference time when addressing complex problems,
such as instance-level patient length-of-stay estimation prior to hospital admission. For such use cases, model execution
time must be minimized to facilitate real-time operation. Addressing these associated challenges requires a combination
of architectural design decisions and operational best practices that together establish a blueprint for minimizing latency
and supporting the continual scaling of the platform.

Data silos that isolate the information required for the delivery of a specific algorithm can be resolved by establishing
governance and coordination agreements among the custodians of each data source. Operationalizing such agreements
allows for the regular mirroring of necessary data objects across dedicated service instances at a lower frequency than
deemed necessary for complete data duplication.

VIiIl. ROADMAP FOR IMPLEMENTATION

A maturity model offers a roadmap for data-driven NHS-OR implementation, enabling prioritization of tasks,
governance, stakeholder engagement, and sustainable support. Implementation commences at maturity level 0,
targeting the most amenable task cluster and the model with least negative consequences. Subsequent stages develop
other task clusters in turn, introducing more advanced techniques as delivery skills mature. For example, the first
delivery phase may deploy supervised predictors for real-time departure predictions, or deep learning single-stage
detectors for single-view vehicular density maps, and a trigger-check approach for SLA violations. Maturity level 5 for
any task cluster enables a whole-system NP-complete solution, as all other clusters are likewise Al-enabled and Al-
OPS thus applies.

Implementation is phased to support task clusters with low delivery skills, at maturity level 0, and the task cluster
adversely affecting risk and safety. After careful definition of the task cluster, the model and toolchain requiring least
advanced delivery skill are identified and applied. For all other clusters, the task model is articulated and subsequent
components that mitigate negative side effects are implemented. When these mitigations are in place, the Al-enable
workflows supporting the task cluster are delivered, before the sequence is repeated for the next task cluster, and the
process iterates. For example, during the deployment of Al-enabled workflows for perioperative risk, freedom from
peripartum pneumonia is predicted and the trigger-check mechanism applied, mitigating predictive quality concerns,
enabling proper check timing, and controlling prediction-linked risk redistribution. Finally, even complex satisfiability
planning problems may be solved, as risk and safety have been considered intelligently throughout implementation.

Method Primary role Main operational use
. . Forecast future demand and | Arrival prediction, LOS prediction,
Predictive analytics . -
outcomes discharge timing
. Model service bottlenecks and | Wait-time and throughput
Queuing theory . L
queue behavior optimization
Reinforcement learning Support sequential decision-making Scheduler-agent and dynamic bed
assignment

Prescribe  best actions under

Optimization solvers

constraints

Resource allocation and scheduling

Stream analytics

Handle near-real-time operational
feeds

Rapid updates for alerts and
decision support

Privacy-preserving techniques

Enable safe data use

De-identification, DP, secure multi-

party computation

Table: Al and data methods mapped to hospital operations

8.1. Maturity Model and Phased Deployment

A maturity model is proposed to structure the development and use of advanced patient flow optimization capabilities,
encompassing institutional governance, Al model development and deployment, analytical pipeline management, and
data preparation. Distinct phases are defined, with a planned sequence of activities and milestones, and guidance
provided on model development and data preparation.

Phased maturity in planning and risk assessment provides guidance on the path to deployment of Al-augmented patient
flow optimization capabilities. Crucial progress indicators enable the continual evaluation of institutional readiness to
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address increasingly advanced Al-enabled workflows that can provide higher-value patient flow decision-making
support for Emergency Department throughput and inpatient bed management. Furthermore, the granularity of the
phases allows for more agile planning and deployment by supporting distinct initiation and completion of each phase.

Completion of the first phase leads to a streamlined process for monitoring Time to Care and maintaining Occupancy
levels in line with demand; reliable prediction of the need for Admission and other services; and improved reliability of
Admission Avoidance. The second phase then provides the foundation for additional capabilities such as automated
Discharge Planning and support for Detection of Patient Deterioration. The third phase enables the timely and
Interoperable use of external sources such as National Health Service Rescue; offers greater resilience in maintaining
Occupancy Within SLAs; and allows for customer Service Level Agreement penalties to be avoided through accurate
prediction of Tsunami events that cause adverse pressure on resources. Subsequent phases consider the additional
complexity and requirements of patient flow problems where data is known to be noisy or where unplanned responses
are required.

8.2. Risk Assessment and Contingency Planning

Risks associated with each phase of the implementation roadmap must be clearly articulated, along with mitigation
strategies to reduce their impact and likelihood. Key risks include vendor lock-in; the establishment of data and model
management processes; loss of sensitive data during the ingestion or data curation process; and model drift due to the
dynamic nature of healthcare operations. A proposed risk assessment for all phases of the implementation roadmap
follows.

Risk, impact, and mitigation strategies are described for data loss when loading new FS-adapted data sources. Each of
the new data sources carries a risk, which is mirrored in the mitigation plan and aligns with the evidence of appropriate
controls. De-identification, differential privacy, and secure multi-party computation reduce the risk of loss of sensitive
data. The strict permission-based implementation of the data- and model-serving technology further reduces risk by
denying access to model inputs and outputs to users with that requirement denied. The current infrastructure allows for
the easy adaptation and addition of these processes, and their deployment aims to enable compliance with the necessary
FS policies.

IX. DISCUSSION

Does the adoption of Al lead to more reliable and efficient healthcare processes? Are the intelligent healthcare
workflows built based on big data technology and artificial intelligence better than traditional decision-support
methods? Knowledge workers are not always able to identify the underlying cause of long service times, yet Al-
enabled workflows are often deployed without a formal comparative analysis that includes a baseline. The deployed
workflows are compared against their corresponding baseline workflows to determine whether Al adoption can
significantly improve workflow performance.

The normal functioning of emergency departments promotes timely care and minimizes patient risk. Excessive
crowding degrades quality, leads to healthcare-associated infections, reduces patient satisfaction, and increases hospital
length of stay. Al-enabled predictive models have become popular tools to support operations because they can
decrease waiting time, length of stay, and ambulance diversion during periods of high demand. However, the effect on
inpatient bed management and both hospital-level indicators remains relatively unexplored.

9.1. Comparative Effectiveness

Comparative effectiveness assessments of Al-enabled patient flow optimization workflows against established
baselines provide insights into impact and generalizability across diverse environments. Baseline performance is
typically specified in terms of standard conventional prediction-input-facilitating-output quality metrics. Workflows not
involving Al for data processing or decision-support yield speedier predictive services; Al additions in traffic flow and
queuing decision-support domains also increase speed without introducing Al in data-processing augmentations. These
speed-up advantages are offset by additional Al-driven prediction-input-action-activation-output support. Workflows
that predict patient-level event windows show potential for improved scheduling reliability supported by the incoming-
prediction-queuing paradigm. An initial variant of futures-based predictive scheduling drives A&E anticipated-wait-
time with probability density functions. Distinctions across iterations reveal further avenues for refining predictive
accuracy and enhancing practical utility.
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Anticipated imaging-report generation windows based on historical distribution data highlight possibilities associated
with better prediction models and provide a learning ground for novel sampling-theory reliant computer-vision-
classification methods aiming for Al-powered image-region localization. The transferability of developed workflows is
examined through assimilation repetitions achieved via fashion and locality-agnostic, public-domain geolocation-
images-and-labels datasets. Three-dimensional geolocation visualizations suggest potential within geodata-domain
novelty detection. Remaining novelty-domain geospatial-location discovery potential await further modeling
explorations through additional high-dimensional geospatial-location-labeling-suitable modality-specific extensive-data
resourcing governing-future-similar-scalability anticipations.

9.2. Ethical and Societal Implications

Research has investigated the enactment of patient-flow performance objectives through dedicated Al-enabled
workflows, focusing on real-time prediction of multiple patient-flow attributes for integrated and specialized use cases.
The experimental results provide evidence of novel use cases resulting in end-to-end patient flow and Al-augmented
platforms improving efficiency, quality, and cost-effectiveness. Al-augmented multiresource-multiobjective
architectures play a central role in healthcare-sector de-bottlenecking at minimal social cost. These foundations support
methods optimizing operations across the entire patient journey.

Wider implications and donor-funded Al-enabled projects also warrant consideration. Hospitals seeking to innovate
enjoy a unique opportunity to leverage patient-flow and bed-management solutions and associated roadmaps, with full-
stack Al-enabled big-data platforms laying a strategic foundation for a broad range of Al-augmented facility
solutions—encompassing patient-flow modelling, demand forecasting, imaging, laboratory and pharmacy automation,
and decision-support systems—that can benefit from the timely sharing of open-source-use datasets. By doing so, these
hospitals emerge as important validators in promoting the efficiency effects of Al across the entire healthcare sector.

X. CONCLUSION

Al-augmented big data platforms enable the intelligent optimization of healthcare patient flow. Artificial intelligence
methods are used to enhance patient-flow management within hospitals, from emergency department arrival to
inpatient ward discharge. Predictive analytics and queuing theory improve patient scheduling in the emergency
department, while reinforcement learning optimizes the assignment of patients to inpatient beds.

Hospital patient flow is a multi-stage process comprising the arrival of patients in the emergency department, their
examination and possible admission, their stay in the inpatient ward, and their discharge. A digital platform enables the
ingestion and management of structured and unstructured data associated with patient-flow optimization. Pipelines
cater for the near-real-time ingestion of streaming structured data from information systems, as well as the scheduled
batch ingestion of supplementary sources such as emergency computing weather data. Data governance processes
address quality assurance, provenance tracking, and the mitigation of bias in relational, non-relational, and textual
datasets.

LIST OF IMPORTANT REFERENCES

Patient flow optimization is critical for healthcare organizations seeking to maximize throughput and capacity without
compromising operational efficiency. Emergency departments must minimize patient wait times and bed occupancy
levels, while inpatient wards should manage bed utilization levels, avoid overloading the department, and ensure timely
discharge planning. Al-augmented big data platforms, capable of analyzing internal and external data streams, are
valuable for operational decision support. Machine learning and other Al techniques can enhance workflow by
predicting incoming and outgoing volume, queuing patient arrivals, and supporting patients’ next-stage decisions. Such
use cases typically relate to workload management and scheduling. Therefore, intelligent healthcare patient flow
optimization requires an integrated digital roadmap supporting patient journey information integration and analytics.

Big data architectural frameworks tailored for the healthcare domain comprise specialization layers that facilitate the
real-time ingestion of heterogeneous data streams from various sources such as the Internet of Things (loT), enterprise
resource planning (ERP) systems, and other platforms. The patient journey is viewed as an end-to-end multi-stage
process, with separate performance aspects defined for both the emergency department and inpatient ward. Multiple
KPIs have been identified for different operational areas. Inpatient bed management is optimized by predicting the
likely time of discharge and training a predict-then-optimize model to reduce bed-cycle times.
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