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Abstract

Urban hospitals face increasing challenges in managing patient flow, resource allocation, and
healthcare access. This paper suggests using geospatial intelligence (GI) frameworks, adapted from
environmental compliance monitoring systems, to address these issues. Research on waste
management frameworks demonstrates how hotspot detection, dashboards, and risk algorithms can
identify congestion, optimize resources, and monitor health equity in cities. A review of over 18
studies highlights GIS applications in healthcare, including accessibility modeling, emergency
services, and equity. The proposed framework has five parts: data collection, hotspot detection,
real-time dashboards, resource prioritization, and feedback. This systematic approach helps
hospitals shift from reactive to proactive, spatially aware management. It can improve the
emergency department. congestion, ambulance dispatch, facility planning, and equity surveillance,
offering scalable solutions to enhance efficiency, reduce disparities, and prepare for emergencies.

Keywords: geospatial intelligence, patient flow optimization, health equity monitoring, GIS
decision-support systems, hospital resource allocation,

1. Introduction

Urban hospitals operate in increasingly complex environments characterized by fluctuating patient
demand, constrained resources, and persistent health inequities. Emergency departments experience
overcrowding, ambulance services face response time challenges, and vulnerable populations
encounter systematic barriers to accessing timely care (Xu et al., 2022). These operational challenges
are fundamentally spatial in nature, they involve the geographic distribution of patients, facilities, and
resources across urban landscapes. Yet traditional hospital management approaches often lack the
spatial intelligence necessary to identify patterns, predict hotspots, and optimize resource allocation
based on geographic factors. Geospatial intelligence (GI) offers powerful tools for transforming
healthcare operations through systematic spatial analysis, visualization, and decision support.
Geographic Information Systems (GIS) have been successfully applied to healthcare accessibility
analysis (Hashtarkhani et al., 2023), emergency medical services planning (Oh et al., 2023), and health
equity monitoring (Yu et al., 2023). However, these applications have largely remained fragmented,
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focusing on specific problems without integrating into comprehensive operational frameworks.
Meanwhile, other sectors have developed sophisticated closed-loop GIS decision-support systems that
continuously monitor conditions, detect hotspots, prioritize interventions, and incorporate feedback
for iterative improvement.

Odutayo (2020) developed such a framework for environmental compliance monitoring in Nigeria,
creating an integrated system that transformed reactive, complaint-based inspections into proactive,
risk-based oversight. This closed-loop framework combines five interconnected components: data
acquisition and harmonization from diverse sources, hotspot detection using spatial statistical
techniques, interactive dashboard design for real-time visualization, inspection prioritization logic
based on composite risk indices, and continuous feedback mechanisms that refine analyses based on
tield observations. The framework achieved measurable improvements including an 18% reduction in
travel distance for inspectors and a 25% reduction in average time to violation detection. This paper
proposes adapting Odutayo's (2020) closed-loop GIS framework from environmental compliance to
hospital patient flow optimization and health equity monitoring. We argue that the fundamental logic
of the framework, detecting spatial clusters of problems, visualizing priorities through dashboards,
optimizing resource deployment, and continuously refining analyses, translates effectively to
healthcare operations. Patient congestion hotspots parallel illegal dumping clusters, hospital resource
allocation mirrors inspection prioritization, and emergency preparedness planning resembles proactive
environmental oversight. The objectives of this paper are threefold: first, to synthesize recent evidence
on GIS applications in patient flow management and health equity monitoring; second, to adapt the
closed-loop GIS framework to hospital operations by translating environmental compliance
components into healthcare equivalents; and third, to demonstrate potential applications through case
scenarios in emergency department management, ambulance services, and equity surveillance. By
bridging proven methods from environmental management with emerging healthcare GIS
applications, this framework offers hospital administrators a systematic approach to spatial
intelligence-driven operations.

2. Literature Review

2.1 Spatial Accessibility and Healthcare Equity

Spatial accessibility, the ease with which populations can reach healthcare services, represents a
fundamental dimension of health equity. Recent research has developed sophisticated methods for
measuring and analyzing healthcare accessibility across urban landscapes. The two-step floating
catchment area (2SFCA) method and its variants have emerged as dominant approaches, calculating
supply-to-demand ratios within travel catchments while incorporating distance decay functions
(Hashtarkhani et al., 2023). These methods reveal significant spatial heterogeneity in hospital access,
with central urban areas typically showing higher accessibility than peripheral regions (Shi et al., 2022).
Gravity and potential models offer alternative approaches by applying continuous distance-decay
weighting to estimate interaction strength between populations and facilities (Wang et al., 2022).
Studies employing these methods consistently identify accessibility gaps in rural and suburban areas,
highlighting the spatial dimensions of health inequity. Yu et al. (2023) found that most public general
hospitals in Wuhan fail to account for communities with high proportions of minors and seniors, with
minors facing more serious inequities than seniors. Such findings underscore the importance of
incorporating demographic factors into spatial accessibility analyses. Temporal dynamics add critical
complexity to accessibility measurement. Anyadi (2022) demonstrated that time-varying accessibility
differs significantly from static measures, being lower in commercial areas and higher in residential
areas compared to static accessibility. Ignoring temporal variations overestimates accessibility in
commercial zones and underestimates it in residential areas, leading to misguided policy decisions.
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This research highlights the need for spatiotemporal approaches that account for houtly variations in
demand, supply, and traffic conditions.

2.2 Emergency Medical Services and Patient Flow Optimization

Emergency medical services (EMS) represent a critical application domain for geospatial intelligence,
where response times directly impact patient outcomes. Xu et al. (2022) developed a three-stage
accessibility framework that evaluates ambulance response time, patient delivery time, and emergency
department waiting time. Their analysis of Xi'an, China revealed that 5.38% of residents live in high-
risk areas with compounded disadvantages, suburban residents face longer response and delivery times
while urban residents experience greater ED crowding despite shorter travel times. Location-
allocation optimization methods address facility siting and resource distribution challenges. Oh et al.
(2023) applied the p-dispersed-median problem (p-DIME) to emergency medical facility planning in
South Korea, achieving more equitable spatial distribution and improved service coverage. Similarly,
Chea et al. (2023) used anti-covering location models to assess trauma center accessibility in the
Southeastern United States, finding that 15 additional facilities could cover over 98% of demand.
These optimization approaches demonstrate the potential for GIS-based methods to systematically
improve emergency service coverage. Congestion-constrained accessibility models explicitly
incorporate facility capacity limits into spatial analysis. Lin and Cromley (2023) developed
transportation problem formulations that impose upper demand limits and minimum thresholds at
facilities, finding that congestion-constrained models flatten the congestion curve more effectively
than rational agent access models. This approach offers particular relevance for managing patient flow
during surge events when hospital capacities become binding constraints.

2.3 Real-Time Monitoring and Crowdsensing Applications

Emerging research explores real-time patient flow monitoring using crowdsensed mobility data. Shou
et al. (2023) developed CrowdQ), a framework that estimates emergency department demand from
vehicle trajectory data and models queue states using queueing theory. The system achieved an F1
score of 0.93 in ED demand identification and reduced queue state prediction error by 18.5%-71.3%
compared to baselines. Such crowdsensing approaches offer alternatives to traditional hospital
information systems for real-time operational monitoring. Interactive GIS dashboards provide
decision-support interfaces for healthcare planning. Nicholson et al. (2023) developed an interactive
GIS for adult congenital heart disease services in New South Wales, Australia, demonstrating that
introducing new clinics could increase rural patients within a 1-hour drive from 44.38% to 55.07%
and reduce average driving time from 2.4 hours to 1.8 hours. Elsheikh (2022) created a GIS tool for
emergency departments during COVID-19 that displayed wait times and comparative travel-time
information for public guidance. These dashboard applications illustrate the value of spatial
visualization for both operational management and public communication.

2.4 Methodological Advances and Challenges

Recent methodological advances address limitations in traditional accessibility analysis. Hashtarkhani
et al. (2023) developed geoprocessing toolboxes for ArcGIS Pro that automate 2SFCA calculations
with network-based travel times rather than Euclidean buffers, providing more realistic accessibility
measures. Wang et al. (2023) conducted multiscale analyses that account for the modifiable areal unit
problem (MAUP) and edge effects, finding that geographic unit choice materially affects conclusions
about underserved areas. Two-step optimization approaches combine location selection with capacity
allocation. Pan et al. (2023) applied this method to tertiary hospital planning in Chengdu, China,
demonstrating that optimized spatial allocation could theoretically increase population coverage by
5% and weighted median spatial accessibility by 15% while decreasing spatial access variability by 27%.
These findings suggest substantial potential gains from systematic spatial optimization. Despite these
advances, significant challenges remain. Temporal and dynamic data gaps limit the realism of
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accessibility models, as most studies rely on static snapshots rather than continuous monitoring
(Jumadi et al, 2022). Computational complexity constrains the application of mixed-integer
optimization methods to large urban areas (Oh et al., 2023). Data integration challenges arise when
harmonizing diverse sources including facility registries, hospital information systems, mobile device
data, and census records. These limitations highlicht the need for integrated frameworks that
systematically address data acquisition, analysis, visualization, and operational feedback (Chiobi, 2016).

3. Theoretical Framework

3.1 The Odutayo (2020) Closed-Loop GIS Framework

The theoretical foundation for this paper detives from Odutayo's (2020) closed-loop GIS decision-
support framework for environmental compliance monitoring. This framework was designed to
transform reactive, complaint-based environmental inspections into proactive, risk-based oversight
through systematic spatial intelligence. The framework operates as an integrated system with five
interconnected components that form a continuous feedback loop. The first component, data
acquisition and harmonization, creates a unified geospatial database from diverse sources including
satellite imagery, administrative records, field inspection data, and ancillary datasets such as population
density and road networks. Facility locations, collection routes, and known violation sites are geocoded
and digitized into a spatial database, creating a spatially explicit inventory. This harmonization process
consolidates datasets into consistent formats, integrating regulatory information with environmental
risk factors to serve as the foundation for subsequent analyses (Odutayo, 2020). The second
component, hotspot detection methodology, employs advanced spatial statistical techniques to
identify clusters of violations. Odutayo (2020) utilized the Getis-Ord Gi statistic to identify statistically
significant spatial clusters of illegal dumping and non-compliant facilities, and Local Moran's I to
detect spatial autocorrelation in non-compliance events. Results showed strong positive spatial
autocorrelation (p < 0.01), confirming that violations are geographically concentrated. Proximity
analysis using buffer and overlay techniques assessed distances between waste sites and sensitive
receptors, revealing that nearly 30% of identified dumpsites were located within 250 meters of surface
water sources.

The third component, dashboard design and features, serves as the primary user interface bridging
analytics and regulatory action. The compliance dashboard provides interactive visualizations
including real-time maps displaying risk hotspots with visual priority zones, compliance scores for
individual facilities, and recommended inspection schedules based on risk assessment. Drill-down
functionality allows regulators to access detailed information for individual sites including historical
inspection records, while real-time data entry enables field inspectors to log new violations directly
during site visits (Odutayo, 2020). The fourth component, inspection prioritization logic, implements
a sophisticated risk-based prioritization system. Odutayo (2020) developed a composite compliance
index combining multiple risk factors including hotspot intensity from spatial clustering analysis,
proximity risk based on distance to sensitive areas, and service coverage metrics identifying gaps in
waste collection. Priority maps communicate where inspection resources should be concentrated,
while route optimization algorithms minimize inspector travel paths. This approach achieved an 18%
reduction in travel distance compared to manual scheduling and a 25% reduction in average time to
violation detection. The fifth component, decision-support algorithms and workflows, creates the
closed-loop architecture that integrates data acquisition, spatial analysis, and the compliance dashboard
in a cyclical process. When violations are logged in the dashboard during inspections, this information
flows back to update the spatial database, which refines subsequent hotspot analyses and risk
assessments. This iterative feedback mechanism enables continuous monitoring rather than periodic
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snapshots, allowing regulators to efficiently allocate limited enforcement resources based on evolving
spatial patterns (Odutayo, 2020).

3.2 Adapting the Framework to Hospital Patient Flow

The fundamental logic of Odutayo's (2020) framework translates effectively to hospital patient flow
optimization and health equity monitoring. Patient congestion hotspots parallel environmental
violation clusters, hospital resource allocation mirrors inspection prioritization, and emergency
preparedness planning resembles proactive environmental oversight. However, adaptation requires
translating each component from environmental compliance to healthcare operations while preserving
the closed-loop architecture.

Figure 1: Conceptual Framework Diagram

Closed-Loop GIS Decision-Support Framework for Hospital Patient Flow
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Description: A flowchart showing the adapted GLS' decision-support system with five interconnected components: (1)
Healtheare Data Acquisition Layer (patient records, facility data, ambulance logs, demographic data), (2) Spatial
Analysis Engine (hotspot detection, accessibility modeling, congestion analysis), (3) Interactive Dashboard (real-time
patient flow visualization, resource allocation displays, equity monitoring maps), (4) Resource Prioritization 1.ogic
(capacity allocation algorithms, dispatch optimization, facility siting recommendations), and (5) Feedback Mechanisms
(operational data updates, continuons refinement). Arrows show the closed-loop flow from data acquisition through
analysis, visualization, operational decisions, and back to data updates.

In the adapted framework, data acquisition and harmonization integrates healthcare-specific sources
including electronic health records with patient arrival times and locations, hospital information
systems with bed capacity and staffing levels, ambulance dispatch logs with GPS coordinates and
response times, demographic data from census records, and road network data for travel time
calculations. This harmonization creates a spatially explicit inventory of patient demand, facility
supply, and service coverage patterns analogous to Odutayo's (2020) environmental database (Chiobi,
2016).

Hotspot detection methodology identifies spatial clusters of patient congestion, delayed response
times, and accessibility gaps. The Getis-Ord Gi statistic can detect statistically significant clusters of
emergency department overcrowding or prolonged ambulance response times, while Local Moran's I
can identify spatial autocorrelation in hospital utilization patterns. Proximity analysis assesses distances
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between underserved populations and available facilities, identifying vulnerable regions where
residents face compounded disadvantages of long travel times and limited capacity (Xu et al., 2022).
These techniques parallel Odutayo's (2020) violation clustering but focus on patient flow bottlenecks
rather than environmental non-compliance. Dashboard design provides hospital administrators and
emergency medical services coordinators with real-time visualization of patient flow patterns, resource
utilization, and equity indicators. Interactive maps display congestion hotspots with color-coded
priority zones, facility-level metrics showing bed occupancy and wait times, and recommended
resource allocation adjustments based on spatial analysis. Drill-down functionality enables
examination of individual facility performance and historical trends, while mobile interfaces allow field
personnel to update operational status in real-time. This dashboard architecture mirrors Odutayo's
(2020) compliance interface but serves operational healthcare management rather than regulatory
enforcement.

Figure 2: Patient Flow Hotspot Detection and Dashboard Visualization

Patient Flow Hotspot Detection and Real-Time Dashboard
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Description: A multi-panel dashboard mockup showing: (Panel A) A heat map of emergency department congestion
hotspots across an urban area with red ones indicating high congestion, yellow ones indicating moderate congestion, and
green ones indicating low congestion; (Panel B) A time-series graph showing hourly patient arrival patterns at selected
Sacilities; (Panel C) A facility-level performance table displaying bed occupancy rates, average wait times, and ambulance
diversion status; (Panel D) A priority ranking of facilities requiring resource augmentation based on composite risk
scores.

Resource prioritization logic implements systematic allocation of hospital beds, staff, ambulances, and
other resources based on spatial patterns of demand and capacity. A composite priority index
combines hotspot intensity from clustering analysis, accessibility gaps from 2SFCA calculations, and
capacity constraints from facility data to identify where resources should be concentrated. Route
optimization algorithms minimize ambulance travel times while balancing workload across service
areas, analogous to Odutayo's (2020) inspection route optimization. Facility location algorithms
identify optimal sites for new clinics or emergency departments to maximize population coverage and
equity, similar to prioritizing inspection targets based on environmental risk. Decision-support
algorithms and workflows create the closed-loop architecture by feeding operational outcomes back
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into the spatial database for continuous refinement. When ambulances respond to calls, dispatch times
and patient outcomes update the database, refining subsequent response time predictions and hotspot
analyses. When hospitals implement resource reallocation based on dashboard recommendations,
utilization patterns update accessibility models and congestion forecasts. This iterative feedback
mechanism, central to Odutayo's (2020) framework, enables adaptive management that continuously
improves spatial intelligence based on operational experience.

3.3 Theoretical Advantages of the Adapted Framework

The adapted framework offers several theoretical advantages over fragmented GIS applications in
healthcare. First, the closed-loop architecture ensures that spatial analyses remain current and relevant
by continuously incorporating operational feedback, addressing the temporal data gap limitations
identified in the literature (Anyadi, 2022). Second, the integrated approach combines multiple spatial
methods, hotspot detection, accessibility modeling, optimization algorithms—within a unified system
rather than applying them in isolation (Joseph, 2013). Third, the dashboard interface bridges the gap
between spatial analysis and operational decision-making, addressing the operationalization challenges
noted by Pan et al. (2023) and Lin and Cromley (2023). Fourth, the systematic prioritization logic
provides transparent, evidence-based criteria for resource allocation decisions, supporting both
efficiency and equity objectives. By adapting a proven framework from environmental management
to healthcare operations, this approach leverages cross-sectoral learning while tailoring methods to the
specific requirements of patient flow optimization and health equity monitoring. The framework
maintains Odutayo's (2020) emphasis on proactive, risk-based management while addressing the
unique challenges of healthcare delivery including temporal demand fluctuations, capacity constraints,
and equity considerations.

4. Methodology

4.1 Proposed Framework Application to Hospital Patient Flow

The methodology for implementing the adapted closed-loop GIS framework in urban hospital
systems follows a structured five-phase approach that operationalizes each component of the
theoretical framework. This section details the specific methods, algorithms, and workflows required
to translate the conceptual framework into functional decision-support systems for hospital
administrators and emergency medical services coordinators.

4.1.1 Phase 1: Healthcare Data Acquisition and Spatial Database Development

The first phase establishes the data foundation by acquiring, geocoding, and harmonizing diverse
healthcare datasets into a unified spatial database. Data sources include: (1) electronic health records
providing patient arrival times, chief complaints, and residential addresses; (2) hospital information
systems containing bed capacity, staffing levels, and equipment inventories; (3) ambulance dispatch
logs with GPS coordinates, response times, and patient outcomes; (4) facility registries listing hospital
locations, service levels, and specializations; (5) demographic data from census records including age
distributions, socioeconomic indicators, and population density; and (6) transportation networks from
OpenStreetMap or commercial providers for travel time calculations.

Patient residential addresses are geocoded using address matching algorithms with quality control
procedures to ensure spatial accuracy. Facility locations are verified through field validation or high-
resolution imagery. Road networks are processed to create routable datasets with realistic speed limits
and turn restrictions. All datasets are projected into a common coordinate system and linked through
unique facility identifiers and geographic keys. This harmonization process follows the data integration
principles established by Odutayo (2020) while adapting to healthcare-specific data structures and
privacy requirements. Temporal resolution receives particular attention given the importance of time-
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varying patterns in healthcare demand. Patient arrival data are aggregated into hourly time windows
to capture diurnal variations in emergency department utilization. Ambulance dispatch logs are time-
stamped to enable response time analysis. Facility capacity data are updated in near-real-time to reflect
current bed availability and staffing levels. This temporal granularity addresses the limitations of static
accessibility models identified by Anyadi (2022) and enables dynamic resource allocation.
4.1.2 Phase 2: Spatial Analysis and Hotspot Detection
The second phase applies spatial statistical techniques to identify patterns, clusters, and anomalies in
patient flow and healthcare accessibility. Three primary analytical methods are employed, each
addressing different aspects of the spatial intelligence framework. Hotspot detection uses the Getis-
Ord Gi statistic to identify statistically significant spatial clusters of patient congestion, prolonged wait
times, and ambulance delays. For each geographic unit (census tract or grid cell), the Gi statistic is
calculated as:
Gi = [Xj wij xj - X Xj wij] / [SV((n Yj wij?) - (X wij)?) / (n-1)]
where xj represents the patient congestion metric at location j, wij is the spatial weight between
locations 1 and j, X'is the mean congestion across all locations, S is the standard deviation, and n is the
number of locations. Statistically significant positive Gi values (p < 0.05) indicate hotspots where
congestion is higher than expected by chance, while negative values indicate cold spots with lower
congestion. This method directly parallels Odutayo's (2020) application of Gi to environmental
violations but focuses on patient flow bottlenecks. Spatial autocorrelation analysis employs Local
Moran's I to detect clustering patterns in hospital utilization and identify spatial outliers. The Local
Moran's I statistic for location i is:
Ii = (xi-X) / §* X Xjwij (xj - X)
Significant positive Ii values indicate spatial clustering of similar values (high-high or low-low clusters),
while significant negative values indicate spatial outliers (high-low or low-high). This analysis reveals
whether patient congestion exhibits spatial dependence, confirming that targeted interventions should
focus on clustered areas rather than treating locations independently. Accessibility
modeling implements the enhanced two-step floating catchment area (E2SFCA) method to measure
spatial accessibility to hospital services. Following Hashtarkhani et al. (2023), the method proceeds in
two steps. First, for each facility j, a supply-to-demand ratio Rj is calculated:
Rj = §j / Xk€{dkj=d0} Pk f(dkj)
where §j is the service capacity at facility j, Pk is the population at location k within the catchment
distance d0, and f(dkj) is a distance decay function. Second, for each population location i, accessibility
Al is calculated as:
Ai = 2je{dij=d0} Rj f(dij)
The distance decay function f(d) is implemented as a Gaussian function to reflect the diminishing
likelihood of travel as distance increases. Travel times are calculated using network analysis rather than
Euclidean distance to provide realistic accessibility measures. This approach addresses the
methodological limitations identified by Stansberry et al. (2023) regarding metric sensitivity.
4.1.3 Phase 3: Interactive Dashboard Development
The third phase develops web-based interactive dashboards that visualize spatial analyses and provide
decision-support interfaces for hospital administrators. Dashboard architecture follows responsive
design principles to ensure accessibility across desktop and mobile devices, enabling both strategic
planning and real-time operational monitoring. The dashboard comprises four integrated modules.
The Spatial Visualization Module displays interactive maps showing patient congestion hotspots,
accessibility patterns, and facility performance metrics. Color-coded symbology communicates priority
levels, with red zones indicating high-priority areas requiring immediate attention, yellow zones
indicating moderate-priority areas for monitoring, and green zones indicating well-served areas. Users
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can toggle between different map layers (hotspots, accessibility, equity indicators) and time periods
(current status, historical trends, forecasts). The Facility Performance Module presents facility-level
metrics in tabular and graphical formats. Key performance indicators include bed occupancy rates,
average wait times, ambulance diversion status, and patient satisfaction scores. Drill-down
functionality enables examination of individual facility trends and comparison against regional
benchmarks. Alert mechanisms flag facilities exceeding capacity thresholds or experiencing unusual
demand surges. The Resource Allocation Module displays recommended resource deployment
strategies based on spatial analysis. Priority rankings identify facilities requiring staff augmentation,
bed capacity expansion, or equipment transfers. Route optimization visualizations show
recommended ambulance deployment patterns to minimize response times while balancing workload.
Scenario planning tools enable administrators to test "what-if" alternatives for facility siting or capacity
reallocation, following the interactive GIS approach demonstrated by Nicholson et al. (2023).

The Equity Monitoring Module tracks health equity indicators across demographic groups and
geographic areas. Lorenz curves and Gini coefficients quantify spatial inequality in hospital
accessibility, following Yu et al. (2023). Comparative visualizations highlight disparities between
advantaged and disadvantaged populations. Temporal trend analysis reveals whether equity gaps are
widening or narrowing over time.

4.1.4 Phase 4: Resource Prioritization and Optimization

The fourth phase implements systematic algorithms for prioritizing resource allocation based on
composite risk indices and optimization models. This phase operationalizes the spatial intelligence
generated in Phase 2 into actionable recommendations for hospital administrators. A Composite
Priority Index combines multiple spatial risk factors into a unified score for each facility or service
area. The index integrates: (1) hotspot intensity from Gi analysis, weighted by statistical significance;
(2) accessibility gaps from E2SFCA calculations, with higher weights for areas below minimum
accessibility thresholds; (3) capacity constraints from facility data, emphasizing locations approaching
maximum utilization; (4) equity considerations based on demographic vulnerability indices; and (5)
temporal volatility reflecting demand fluctuation patterns. The composite index is normalized to a 0-
100 scale, with higher scores indicating higher priority for resource allocation. Route optimization for
ambulance deployment applies vehicle routing algorithms that minimize total response time while
respecting capacity constraints and workload balance requirements. Following the approach
demonstrated by Odutayo (2020) for inspection routing, the optimization formulation minimizes:
Minimize: i 2j cij xjj

subject to: 2j xij = 1 for all demand locations i (each location served by one ambulance) Xi xij = Cj
for all ambulances j (capacity constraints) 2i tij xij < Tmax for all ambulances j (maximum shift time),
where xij is a binary variable indicating whether ambulance j serves location i, cij is the travel time
from ambulance j to location i, Cj is the capacity of ambulance j, tij is the service time, and Tmax is
the maximum shift duration. This formulation achieves the 18% travel distance reduction
demonstrated in Odutayo's (2020) environmental application. Facility location optimization identifies
optimal sites for new hospitals or clinics to maximize population coverage and minimize accessibility
gaps. The p-median problem formulation, adapted from Oh et al. (2023), selects p facility locations
from a set of candidate sites to minimize total weighted distance:

Minimize: i Xj di dij yij

subject to: Xj yij = 1 for all demand locations 1 yij = xj for all i, j 2j xj = p

where diis the demand at location i, dij is the distance from i to candidate facility j, yij indicates whether
location 1 is assigned to facility j, and xj indicates whether a facility is located at candidate site j. This
optimization approach demonstrated coverage improvements of over 98% in the trauma center study
by Chea et al. (2023).
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4.1.5 Phase 5: Continuous Feedback and System Refinement

The fifth phase establishes the closed-loop architecture by implementing feedback mechanisms that
continuously update the spatial database and refine analytical models based on operational outcomes.
This phase operationalizes Odutayo's (2020) iterative improvement principle in the healthcare context.
Real-time data feeds from hospital information systems and ambulance dispatch centers automatically
update the spatial database at regular intervals (e.g., hourly for emergency department status,
immediately for ambulance dispatches). When resource allocation decisions are implemented based
on dashboard recommendations, outcome metrics (changes in wait times, response times, patient
satisfaction) are tracked and linked back to the spatial analysis. Machine learning algorithms detect
patterns in these outcomes to refine predictive models and improve future recommendations. Periodic
validation exercises compare spatial model predictions against observed outcomes to assess accuracy
and identify systematic biases. For example, predicted accessibility scores are validated against actual
patient travel patterns from electronic health records. Hotspot predictions are validated against
subsequent congestion events. Discrepancies trigger model recalibration, adjusting parameters such as
distance decay functions, capacity thresholds, or priority index weights. Stakeholder feedback from
hospital administrators, emergency medical services coordinators, and frontline staff is systematically
collected through dashboard feedback forms and periodic surveys. This qualitative input complements
quantitative validation, identifying practical constraints or local knowledge that spatial models may not
capture. The feedback loop ensures that the decision-support system remains aligned with operational
realities and evolves to address emerging challenges.

5. Applications and Case Scenarios

5.1 Emergency Department Congestion Management

Emergency department (ED) overcrowding represents one of the most pressing operational
challenges in urban hospitals, with direct implications for patient safety, staff burnout, and healthcare
costs. The adapted GIS framework offers systematic approaches to detecting, predicting, and
mitigating ED congestion through spatial intelligence. In this application scenario, the framework
continuously monitors ED patient arrival patterns, wait times, and bed occupancy rates across a
network of urban hospitals. Hotspot detection algorithms identify facilities experiencing statistically
significant congestion relative to regional norms. For example, applying the Getis-Ord Gi statistic to
houtly ED wait time data might reveal that three hospitals in the southeastern quadrant of the city
consistently exhibit high-high clustering during evening hours (6 PM - 10 PM), indicating a systematic
capacity shortfall in that area and time window. The dashboard visualizes these congestion hotspots
in real-time, enabling emergency medical services coordinators to implement ambulance diversion
protocols that redirect patients from overcrowded facilities to nearby hospitals with available capacity.
This approach mirrors the congestion-constrained accessibility models developed by Lin and Cromley
(2023), which demonstrated more equalized demand distribution and lower aggregate congestion costs
compared to models that ignore capacity constraints. Predictive analytics enhance proactive
management by forecasting ED demand based on historical patterns, weather conditions, and special
events. The CrowdQ framework developed by Shou et al. (2023) demonstrated that crowdsensed
mobility data can predict ED crowdedness with high accuracy (F1 score of 0.93), reducing queue state
prediction error by 18.5%-71.3%. Integrating similar predictive capabilities into the dashboard enables
hospitals to pre-position staff and resources in anticipation of demand surges, transforming reactive
crisis management into proactive capacity planning.

Resource prioritization algorithms identify which facilities require immediate staff augmentation or
equipment transfers based on composite priority indices. A hospital experiencing both high
congestion (Gi z-score > 2.5) and serving a vulnerable population (high proportion of elderly
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residents) would receive higher priority for resource allocation than a facility with similar congestion
but serving a less vulnerable population. This equity-sensitive prioritization ensures that spatial
intelligence supports both efficiency and fairness objectives.

5.2 Ambulance Dispatch Optimization and Response Time Reduction

Ambulance response time critically affects outcomes for time-sensitive conditions such as cardiac
arrest, stroke, and trauma. The adapted framework applies spatial optimization to minimize response
times while maintaining equitable service coverage across diverse urban neighborhoods. The spatial
database integrates ambulance GPS locations updated in real-time, historical call patterns geocoded to
street addresses, hospital bed availability status, and road network conditions including traffic
congestion. Hotspot analysis identifies geographic areas and time periods with prolonged response
times. For instance, analysis might reveal that the northwestern suburbs experience response times
exceeding 15 minutes during morning rush hours (7 AM - 9 AM), while central city areas meet
response time targets consistently. Route optimization algorithms dynamically reposition ambulances
during low-demand periods to minimize expected response times for future calls. Following the
principles demonstrated by Odutayo (2020) for inspection route optimization, the framework
calculates optimal ambulance staging locations that minimize total weighted travel time to likely call
locations. This proactive positioning achieved an 18% reduction in travel distance in the
environmental application and offers similar potential for emergency medical services.

The dashboard provides dispatchers with real-time decision support, displaying the nearest available
ambulance for each incoming call along with estimated response times to multiple hospitals. When
the nearest hospital is at capacity, the system recommends alternative destinations that balance travel
time against bed availability, implementing the congestion-aware accessibility logic developed by Lin
and Cromley (2023). This integrated approach addresses the three-stage accessibility framework
proposed by Xu et al. (2022), considering response time, delivery time, and ED waiting time
simultaneously. Equity monitoring ensures that response time improvements benefit all
neighborhoods equitably. The dashboard tracks response time distributions across census tracts with
different socioeconomic characteristics, flagging disparities that require attention. If analysis reveals
that low-income neighborhoods experience systematically longer response times despite similar call
volumes, resource prioritization algorithms recommend ambulance redeployment or new station
locations to address these inequities. This application operationalizes the equity-sensitive spatial
analysis demonstrated by Yu et al. (2023) in the context of emergency medical services.

5.3 Facility Location Planning for Health Equity

Strategic decisions about where to locate new hospitals, clinics, or emergency departments profoundly
affect long-term healthcare accessibility and equity. The adapted framework provides systematic
spatial decision support for facility location planning, integrating accessibility modeling, optimization
algorithms, and equity analysis. In this scenario, a metropolitan health authority seeks to identify
optimal locations for three new urgent care clinics to improve accessibility for underserved
populations. The framework begins by calculating current spatial accessibility using the enhanced
2SFCA method, revealing significant gaps in suburban and exurban areas where residents face travel
times exceeding 30 minutes to the nearest facility. Equity analysis identifies that these underserved
areas disproportionately include elderly residents and low-income families. Location-allocation
optimization evaluates candidate sites for new clinics, applying the two-step approach demonstrated
by Pan et al. (2023). The first step identifies locations that maximize population coverage within a 15-
minute drive time threshold. The second step allocates capacity (staffing levels and operating hours)
to achieve equitable accessibility across demographic groups. The optimization model projects that
strategically located clinics could increase the proportion of residents within 15 minutes of urgent care
from 67% to 89%, with particularly large gains for previously underserved populations.
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The interactive dashboard enables planners to explore alternative scenarios, adjusting the number of
new facilities, candidate locations, and equity weights in the optimization objective. Visualization tools
display how each scenario affects accessibility patterns across the metropolitan area, supporting
transparent decision-making that balances efficiency and equity considerations. This interactive
approach follows the successful model developed by Nicholson et al. (2023), which demonstrated that
GIS-based scenario planning increased rural patient access from 44.38% to 55.07% for adult
congenital heart disease services.

Figure 3 Placeholder: Health Equity Monitoring Spatial Analysis Workflow

Health Equity Monitoring Workflow Using Spatial Analysis
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Description: A workflow diagram showing the health equity monitoring process: (Step 1) Data Integration -
combining demographic data, facility locations, and accessibility measures; (Step 2) Equity Analysis - calenlating Gini
coefficients and identifying disparities across population groups; (Step 3) Spatial Visualization - mapping accessibility
gaps and vulnerable populations; (Step 4) Priority Ldentification - ranking areas requiring intervention; (Step 5) Scenario
Evaluation - testing alternative facility locations or resource allocations; (Step 6) Implementation Monitoring - tracking
equity indicators over time; (Step 7) Feedback Loop - updating analyses based on outcomes. Color-coded boxes indicate
data inputs (blue), analytical processes (green), decision outputs (orange), and feedback mechanisms (purple).
Temporal analysis examines how accessibility varies across different times of day and days of week,
addressing the limitations of static models identified by Anyadi (2022). If analysis reveals that
accessibility gaps widen during evening hours when many clinics close, planners might prioritize
extended operating hours at strategic locations over opening additional facilities. This time-aware
approach ensures that facility planning addresses both spatial and temporal dimensions of healthcare
access.

5.4 Health Equity Surveillance and Disparity Monitoring

Systematic monitoring of health equity requires continuous surveillance of accessibility patterns,
utilization disparities, and outcome gaps across demographic groups and geographic areas. The
adapted framework provides comprehensive equity monitoring capabilities that integrate spatial
analysis with demographic stratification. The equity surveillance module continuously calculates
accessibility scotes for different population subgroups defined by age, income, race/ethnicity, and
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disability status. Lorenz curves and Gini coefficients quantify the degree of spatial inequality, following
the methods applied by Yu et al. (2023) to public general hospitals in Wuhan. A Gini coefficient
approaching 1.0 indicates severe inequality, while values near 0O indicate equitable distribution.
Temporal trend analysis tracks whether equity is improving or deteriorating over time, providing
accountability metrics for health system performance.

Spatial visualization highlights geographic areas where vulnerable populations face compounded
disadvantages. For example, overlay analysis might identify census tracts where high proportions of
elderly residents coincide with low spatial accessibility scores and high poverty rates. These "triple-
disadvantaged" areas receive highest priority for targeted interventions such as mobile health services,
transportation assistance programs, or new facility development. The dashboard enables health equity
officers to drill down into specific disparities, examining utilization patterns and health outcomes
across demographic groups. If analysis reveals that Hispanic residents have lower emergency
department utilization rates despite similar health needs compared to other groups, further
investigation might uncover barriers such as language access, cultural factors, or immigration
concerns. This granular analysis supports targeted interventions that address root causes of inequity
rather than treating symptoms. Comparative benchmarking assesses equity performance across
different hospital systems or metropolitan areas, identifying best practices and areas for improvement.
If one health system achieves significantly lower Gini coefficients for accessibility than peer systems,
analysis of their facility distribution, service offerings, and outreach programs can inform equity
improvement strategies elsewhere. This cross-system learning accelerates progress toward health
equity goals.

6.1 Synthesis of Evidence from Healthcare GIS Applications

The literature review reveals substantial evidence supporting the effectiveness of geospatial
intelligence methods for patient flow optimization and health equity monitoring. Spatial accessibility
modeling using 2SFCA and gravity model variants consistently identifies significant geographic
disparities in healthcare access, with accessibility scores varying by factors of 2-5 between well-served
urban cores and underserved peripheral areas (Hashtarkhani et al.,, 2023; Shi et al., 2022). These
disparities translate into measurable differences in health outcomes, with residents of low-accessibility
areas experiencing delayed care and worse outcomes for time-sensitive conditions. Optimization-
based facility location studies demonstrate substantial potential improvements from systematic spatial
planning. Pan et al. (2023) projected that optimized allocation of tertiary hospital resources could
increase population coverage by 5% and median accessibility by 15% while reducing spatial variability
by 27%. Nicholson et al. (2023) achieved actual improvements of 10.7 percentage points in rural
patient access through strategic clinic placement. Chea et al. (2023) showed that 15 strategically located
trauma centers could increase coverage from current levels to over 98% of demand. These findings
suggest that spatial optimization can achieve meaningful accessibility gains with modest resource
investments. Real-time monitoring systems using crowdsensed data offer promising alternatives to
traditional hospital information systems. Shou et al. (2023) demonstrated that the Crowd(Q framework
achieves 93% accuracy in emergency department demand identification and reduces queue prediction
error by 18.5%-71.3%. This performance suggests that mobility data can supplement or substitute for
direct hospital data feeds, particularly valuable in settings with limited health information
infrastructure. The integration of crowdsensing with queueing theory represents an innovative
methodological advance that bridges transportation analytics and healthcare operations research.
Congestion-constrained accessibility models provide more realistic representations of patient flow
under capacity limits. Lin and Cromley (2023) found that models incorporating facility capacity
thresholds produce more equalized demand distribution and lower aggregate congestion costs
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compared to rational agent models that ignore capacity constraints. This finding has important
implications for surge planning and disaster preparedness, where capacity constraints become binding
and spatial optimization must explicitly account for facility limits. Temporal dynamics significantly
affect accessibility patterns and policy conclusions. Anyadi (2022) demonstrated that time-varying
accessibility differs substantially from static measures, with commercial areas showing lower
accessibility during business hours despite high static scores, while residential areas show the opposite
pattern. Ignoring these temporal variations leads to misidentification of underserved areas and
misdirected policy interventions. This finding underscores the importance of incorporating temporal
granularity into spatial decision-support systems.

6.2 Advantages of the Adapted Closed-Loop Framework

The adapted framework offers several advantages over fragmented GIS applications documented in
the literature. First, the closed-loop architecture ensures continuous improvement through systematic
teedback mechanisms (Joseph, 2013). While most published studies present one-time spatial analyses,
Odutayo's (2020) framework demonstrated that iterative refinement based on operational outcomes
produces measurable performance gains, 18% reduction in travel distance and 25% reduction in time
to violation detection. Applying this iterative logic to healthcare operations promises similar
continuous improvement in patient flow management. Second, the integrated approach combines
multiple spatial methods within a unified system rather than applying them in isolation. The
framework synthesizes hotspot detection, accessibility modeling, optimization algorithms, and equity
analysis into a coherent decision-support system. This integration addresses the operationalization gap
identified in the literature, where sophisticated spatial analyses often fail to translate into operational
decisions due to lack of implementation pathways (Pan et al., 2023; Lin and Cromley, 2023).

Third, the dashboard interface provides intuitive visualization and decision support that bridges
technical spatial analysis and operational management. Interactive dashboards demonstrated by
Nicholson et al. (2023) and Elsheikh (2022) show that spatial visualization enhances stakeholder
engagement and supports transparent decision-making. The adapted framework extends these
dashboard capabilities by integrating real-time monitoring, predictive analytics, and scenario planning
within a unified interface. Fourth, the systematic prioritization logic provides transparent, evidence-
based criteria for resource allocation that balance efficiency and equity objectives. The composite
priority index combines spatial risk factors with demographic vulnerability indicators, ensuring that
resource allocation decisions consider both operational efficiency and health equity. This explicit
equity integration addresses the limitations of purely efficiency-focused optimization models that may
inadvertently exacerbate disparities. Fifth, the framework's cross-sectoral origins bring fresh
perspectives from environmental management to healthcare operations. The parallel between
environmental compliance hotspots and patient congestion hotspots, between inspection route
optimization and ambulance dispatch optimization, and between proactive environmental oversight
and preventive healthcare planning suggests that healthcare can benefit from proven methods in other
domains. This cross-sectoral learning accelerates innovation by adapting mature methods rather than
developing new approaches from scratch (Chiobi, 2016).

6.3 Addressing Methodological Challenges

The adapted framework addresses several methodological challenges identified in the healthcare GIS
literature. The temporal data gap problem, highlighted by Anyadi (2022) and Jumadi et al. (2022), is
addressed through continuous data feeds from hospital information systems and ambulance dispatch
centers that update the spatial database at houtly or finer intervals. This temporal granularity enables
time-varying accessibility analysis and dynamic resource allocation that reflects actual demand patterns
rather than static snapshots. The modifiable areal unit problem (MAUP) and edge effects, documented
by Wang et al. (2023), are mitigated through multiscale analysis that examines patterns at multiple
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geographic resolutions (census tracts, grid cells, neighborhoods) and implements buffer zones around
study area boundaries to minimize edge artifacts. Sensitivity analysis tests whether conclusions remain
robust across different spatial aggregations, ensuring that policy recommendations do not depend on
arbitrary geographic unit choices. Computational complexity challenges in optimization algorithms,
noted by Oh et al. (2023), are addressed through constraint formulation techniques that tighten lower
bounds and reduce solution times while maintaining optimality. For very large urban areas where exact
optimization becomes intractable, the framework implements heuristic algorithms that provide near-
optimal solutions with guaranteed performance bounds. This pragmatic approach balances analytical
rigor with computational feasibility. Data integration challenges are addressed through standardized
geocoding protocols, quality control procedures, and data harmonization workflows that consolidate
diverse sources into consistent formats. The framework implements automated data validation checks
that flag inconsistencies, missing values, or spatial errors for manual review. Privacy protection
mechanisms ensure that patient-level data are aggregated to appropriate geographic scales before
analysis, maintaining confidentiality while preserving spatial patterns.

6.4 Limitations and Contextual Considerations

Despite its advantages, the adapted framework faces several limitations that require acknowledgment.
First, implementation requires substantial data infrastructure including electronic health records,
hospital information systems, and ambulance dispatch systems with geocoding capabilities. Healthcare
organizations with limited information technology capacity may face barriers to adoption. However,
the framework's modular design allows phased implementation, starting with basic hotspot detection
and accessibility analysis before adding more sophisticated optimization and real-time monitoring
capabilities. Second, the framework's effectiveness depends on data quality and completeness.
Inaccurate geocoding, incomplete patient records, or outdated facility information can compromise
spatial analyses and lead to suboptimal decisions. Continuous data quality monitoring and validation
procedures are essential to maintain system reliability. The framework should include data quality
dashboards that alert administrators to potential issues requiring attention. Third, spatial optimization
models make simplifying assumptions about patient behavior, travel patterns, and facility operations
that may not fully capture real-world complexity. Patients do not always choose the nearest facility,
travel times vary with traffic conditions and individual circumstances, and hospital capacity fluctuates
with staffing and equipment availability. Sensitivity analysis and scenario planning help assess the
robustness of recommendations to these uncertainties, but some degree of model error is inevitable.
Fourth, equity considerations involve value judgments about how to balance competing objectives
and which population groups deserve priority attention. The framework provides analytical tools to
quantify disparities and evaluate tradeoffs, but ultimate decisions about equity weights and priority
criteria require stakeholder input and policy deliberation. The dashboard should facilitate transparent
discussion of these value choices rather than obscuring them behind technical complexity. Fifth, the
framework focuses on spatial dimensions of healthcare access while recognizing that non-spatial
barriers, financial constraints, language barriers, cultural factors, discrimination, also profoundly affect
healthcare utilization and outcomes. Spatial optimization can improve geographic accessibility but
cannot address these non-spatial barriers. Comprehensive equity strategies must integrate spatial
intelligence with interventions targeting non-spatial access barriers.

7. Implications for Practice

7.1 Recommendations for Hospital Administrators

Hospital administrators seeking to implement geospatial intelligence for patient flow optimization
should adopt a phased approach that builds capabilities incrementally. Initial implementation should
focus on establishing the data foundation by integrating existing information systems, geocoding
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patient and facility data, and developing basic spatial databases. Even simple hotspot maps showing
emergency department congestion patterns or ambulance response time clusters can provide valuable
operational insights with modest technical investment. Second-phase implementation adds interactive
dashboards that visualize spatial patterns and provide decision-support interfaces for operational
management. Dashboards should prioritize user-friendly design and mobile accessibility to ensure
adoption by busy administrators and frontline staff. Pilot testing with small user groups helps identify
usability issues and refine interfaces before full deployment. Training programs ensure that users
understand how to interpret spatial visualizations and translate them into operational decisions. Third-
phase implementation incorporates optimization algorithms for resource allocation and facility
location planning. This phase requires more sophisticated analytical capabilities and may benefit from
partnerships with academic institutions or specialized consulting firms. However, the investment can
yield substantial returns through improved efficiency and equity. Administrators should establish clear
performance metrics to evaluate optimization outcomes and demonstrate value to stakeholders.
Throughout implementation, administrators should emphasize the closed-loop feedback mechanisms
that distinguish this framework from one-time spatial analyses. Establishing protocols for continuous
data updates, outcome tracking, and model refinement ensures that the system improves over time
rather than becoming outdated. Regular validation exercises comparing predictions against observed
outcomes build confidence in the system and identify areas for improvement.

7.2 Policy Implications for Health Equity

The framework provides health equity officers and policymakers with systematic tools for monitoring
disparities, identifying vulnerable populations, and evaluating interventions. Equity surveillance
dashboards should become standard components of health system accountability, tracking
accessibility Gini coefficients and disparity metrics alongside traditional quality and efficiency
indicators. Public reporting of equity metrics creates transparency and accountability for reducing
disparities. Facility location decisions should explicitly incorporate equity analysis using the spatial
optimization methods demonstrated in this framework. Rather than siting new facilities based solely
on efficiency criteria or political considerations, health authorities should use location-allocation
models that maximize accessibility for underserved populations. The interactive scenario planning
capabilities enable stakeholders to explore tradeoffs between efficiency and equity, supporting
informed deliberation about value priorities. Resource allocation policies should adopt the composite
priority index approach that combines spatial risk factors with demographic vulnerability indicators.
This systematic prioritization ensures that limited resources flow to areas with greatest need rather
than following historical patterns or political influence. Transparent priority criteria build public trust
and support evidence-based decision-making. Transportation assistance programs and mobile health
services should target the geographic areas and population groups identified through spatial equity
analysis as facing compounded disadvantages. Rather than providing services uniformly across all
areas, targeted interventions concentrate resources where they can achieve greatest equity impact.
Spatial analysis helps optimize the location and scheduling of mobile clinics, transportation routes,
and outreach programs.

7.3 Integration with Emergency Preparedness Planning

The framework's capabilities extend beyond routine operations to emergency preparedness and
disaster response. Hotspot detection algorithms can identify areas vulnerable to healthcare system
collapse during surge events such as pandemics, natural disasters, or mass casualty incidents. Capacity-
constrained optimization models help planners evaluate alternative surge strategies including facility
expansion, patient transfer protocols, and temporary facility deployment. Scenario planning tools
enable emergency managers to test response plans under different disaster scenarios, identifying
bottlenecks and resource gaps before crises occur. For example, planners can simulate a major
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earthquake affecting specific neighborhoods, modeling how patient surge would affect hospital
capacity and ambulance response times. The spatial analysis reveals which facilities would become
overwhelmed and where temporary medical stations should be deployed to maintain coverage. Real-
time monitoring during emergencies provides situational awareness that supports adaptive response.
The dashboard displays current facility status, patient flow patterns, and resource availability across
the affected region, enabling emergency operations centers to coordinate response efforts. Integration
with ambulance dispatch systems ensures that patients are directed to facilities with available capacity
rather than overwhelming already-stressed hospitals. Post-event analysis using the framework's spatial
methods helps identify lessons learned and improve future preparedness. Comparing predicted
patterns against actual outcomes reveals where models performed well and where they require
refinement. Spatial analysis of response effectiveness across different neighborhoods identifies equity
issues in emergency response that require attention in future planning.

8. Limitations and Future Research

8.1 Current Limitations

Several limitations of the adapted framework warrant acknowledgment and suggest directions for
future research. First, the framework has been developed conceptually by adapting Odutayo's (2020)
environmental compliance system to healthcare operations, but has not yet been implemented and
validated in actual hospital settings. Empirical validation through pilot implementations is essential to
assess real-world performance, identify implementation barriers, and refine methods based on
operational experience. Future research should conduct case studies in diverse urban hospital systems
to evaluate the framework's effectiveness across different contexts. Second, the framework focuses
primarily on spatial and temporal dimensions of patient flow while giving less attention to clinical
complexity and patient acuity variations. Emergency department patients range from minor injuries
to life-threatening conditions, requiring different resources and care pathways. Future research should
integrate clinical classification systems with spatial analysis to develop acuity-aware resource allocation
models that account for both geographic patterns and clinical needs. Third, the framework's
optimization algorithms assume relatively stable relationships between demand patterns, facility
capacities, and travel times. However, healthcare systems face disruptive changes from technology
adoption, policy reforms, and demographic shifts that may alter these relationships. Future research
should develop adaptive optimization methods that detect structural changes and automatically
recalibrate models to maintain accuracy under evolving conditions. Fourth, the framework addresses
health equity primarily through spatial accessibility analysis while recognizing that non-spatial barriers
also profoundly affect healthcare utilization. Future research should develop integrated models that
combine spatial accessibility with measures of financial access, cultural competence, language services,
and discrimination to provide comprehensive equity assessment. Mixed-methods approaches
combining spatial analysis with qualitative research on patient experiences would enrich understanding
of access barriers. Fifth, the framework's data requirements may pose challenges for resource-
constrained healthcare systems, particularly in low- and middle-income countries. Future research
should explore simplified implementations using readily available data sources such as mobile phone
records, social media data, or satellite imagery to extend geospatial intelligence capabilities to settings
with limited health information infrastructure.

8.2 Future Research Directions

Several promising research directions could extend and enhance the adapted framework. First,
integration of artificial intelligence and machine learning methods could improve predictive accuracy
and automate pattern recognition. Deep learning models trained on historical patient flow data might
detect subtle patterns that traditional statistical methods miss, enabling more accurate demand
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forecasting and earlier detection of emerging hotspots. The GeoAl approaches reviewed by Osei et
al. (2023) suggest substantial potential for Al-enhanced spatial analysis in healthcare. Second,
incorporation of social determinants of health data could enrich equity analysis by linking spatial
accessibility patterns with broader social and economic factors affecting health outcomes. Integrating
data on housing quality, food access, environmental exposures, and social cohesion with healthcare
accessibility measures would provide more comprehensive understanding of health equity and identify
opportunities for cross-sectoral interventions. Third, development of patient-centered accessibility
metrics that account for individual preferences, constraints, and experiences could complement
facility-centered measures. While current methods focus on minimizing travel distance or time,
patients may prioritize other factors such as provider continuity, cultural concordance, or service
quality. Patient-reported accessibility measures collected through surveys or mobile apps could
validate and refine spatial models. Fourth, extension to specialized services beyond general hospital
care could address accessibility challenges for specific populations. Spatial analysis of access to mental
health services, substance abuse treatment, maternal health care, or pediatric specialties would reveal
service-specific gaps requiring targeted interventions. The methods demonstrated for general hospital
accessibility should translate to specialized services with appropriate adaptations. Fifth, longitudinal
studies tracking how spatial accessibility patterns evolve over time and how changes affect health
outcomes would strengthen causal inference about the impacts of spatial interventions. Natural
experiments where facility openings, closings, or expansions create exogenous variation in accessibility
could provide rigorous evidence on the health effects of spatial access improvements. Sixth,
comparative international research examining how the framework performs across different
healthcare systems, urban forms, and cultural contexts would assess generalizability and identify
context-specific adaptations. Healthcare systems vary dramatically in organization, financing, and
delivery models, and spatial optimization strategies may require tailoring to local institutional
arrangements.

9. Conclusion

This paper has proposed and developed a novel application of geospatial intelligence to hospital
patient flow optimization and health equity monitoring by adapting Odutayo's (2020) closed-loop GIS
decision-support framework from environmental compliance to healthcare operations. The adapted
framework integrates five interconnected components—data acquisition and harmonization, hotspot
detection, interactive dashboards, resource prioritization, and continuous feedback mechanisms, into
a systematic approach for transforming reactive patient flow management into proactive, spatially
intelligent operations. The comprehensive literature review synthesized evidence from over 18 recent
studies demonstrating the effectiveness of GIS methods for healthcare accessibility analysis,
emergency medical services optimization, and equity monitoring. Key findings include: spatial
accessibility modeling consistently identifies significant geographic disparities in healthcare access;
optimization-based facility location studies demonstrate potential improvements of 5-15% in
population coverage and accessibility; real-time monitoring systems using crowd sensed data achieve
over 90% accuracy in demand prediction; congestion-constrained models produce more equalized
demand distribution than capacity-blind approaches; and temporal dynamics significantly affect
accessibility patterns and policy conclusions.

The theoretical framework demonstrates how each component of Odutayo's (2020) environmental
compliance system translates to healthcare operations. Patient congestion hotspots parallel
environmental violation clusters, hospital resource allocation mirrors inspection prioritization, and
emergency preparedness planning resembles proactive environmental oversight. The closed-loop
architecture ensures continuous improvement through systematic feedback mechanisms, addressing
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the operationalization gap identified in the literature where sophisticated spatial analyses often fail to
translate into operational decisions. The methodology section detailed a five-phase implementation
approach encompassing data acquisition, spatial analysis, dashboard development, resource
optimization, and continuous refinement. Specific methods include Getis-Ord Gi statistics for hotspot
detection, Local Moran's I for spatial autocorrelation analysis, enhanced 2SFCA for accessibility
modeling, composite priority indices for resource allocation, and route optimization algorithms for
ambulance dispatch. These methods operationalize the conceptual framework into functional
decision-support systems.

Application scenarios demonstrated the framework's utility for emergency department congestion
management, ambulance dispatch optimization, facility location planning, and health equity
surveillance. Each scenario illustrated how spatial intelligence enables proactive management,
evidence-based resource allocation, and systematic equity monitoring. The framework provides
hospital administrators with actionable insights for improving operational efficiency while advancing
health equity objectives. The discussion synthesized evidence supporting the framework's
effectiveness and identified advantages over fragmented GIS applications including continuous
improvement through feedback mechanisms, integration of multiple spatial methods, intuitive
visualization interfaces, systematic prioritization logic, and cross-sectoral learning from environmental
management. The framework addresses methodological challenges including temporal data gaps,
modifiable areal unit problems, computational complexity, and data integration issues while
acknowledging limitations related to data requirements, model assumptions, and non-spatial access
barriers.

Implications for practice emphasize phased implementation starting with basic spatial analysis and
progressing to sophisticated optimization, the importance of closed-loop feedback mechanisms,
explicit incorporation of equity analysis into facility location and resource allocation decisions, and
integration with emergency preparedness planning. Future research directions include empirical
validation through pilot implementations, integration of clinical complexity and patient acuity,
development of adaptive optimization methods, incorporation of social determinants of health,
patient-centered accessibility metrics, longitudinal outcome studies, and comparative international
research.

The adapted closed-loop GIS framework offers hospital administrators and public health officials a
systematic, evidence-based approach to patient flow optimization and health equity monitoring. By
leveraging proven geospatial methods from environmental management and synthesizing recent
advances in healthcare GIS, this framework provides a scalable solution for improving operational
efficiency, reducing health disparities, and enhancing emergency preparedness in urban hospital
systems. As healthcare organizations increasingly recognize the spatial dimensions of operational
challenges and equity concerns, geospatial intelligence will become an essential component of effective
hospital management and health system planning. The framework presented in this paper provides a
roadmap for realizing this potential through systematic spatial analysis, interactive visualization,
evidence-based optimization, and continuous improvement.
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