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Abstract.
Emergency departments (EDs) in modern hospitals face persistent challenges
including unpredictable patient influx, resource scarcity, and inefficient
operational coordination, which significantly degrade service quality and
response efficiency. To address these issues, this study proposes MedAgentOps, a
distributed multi-agent collaborative reasoning infrastructure built upon a
Memory-Augmented Graph Reasoning Network (MAGR-Net) for emergency flow
forecasting and resource optimization. The proposed framework integrates four
key components: Dynamic Temporal Graph Fusion (DTGF) for modeling
heterogeneous temporal dependencies in emergency-related factors, a Shared
Medical Memory (SMM) module for consolidating short-term operational states
and long-term historical knowledge, an Agent Graph Reasoning Module (AGRM)
for adaptive coordination among forecasting, scheduling, and resource
allocation agents, and a Multi-Objective Proximal Policy Optimization
(MOPPO) strategy for optimizing operational efficiency under multiple
constraints. These modules jointly enable end-to-end reasoning from patient
arrival prediction to real-time resource scheduling in a unified multi-agent
system. Experimental results on a real-world emergency department dataset show
that the proposed framework achieves a Mean Absolute Percentage Error
(MAPE) of 8.73%, outperforming all baseline models significantly. In addition,
MedAgentOps reduces average patient waiting time by approximately 17.9%
compared with the strongest baseline (GNN-RL) while improving resource
utilization to 91.3%. These results confirm the effectiveness of integrating multi-
agent reasoning with memory-augmented graph learning for intelligent
healthcare optimization.
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1. INTRODUCTION

Emergency Departments (EDs) are critical components of modern healthcare systems, responsible
for handling unpredictable patient arrivals and providing timely medical services under severe
resource constraints. In recent years, increasing population density, seasonal epidemics, and public
health emergencies have significantly intensified the pressure on ED operations, leading to
overcrowding, prolonged waiting times, and inefficient utilization of medical resources.
Consequently, accurate emergency flow forecasting and efficient resource optimization have
become essential for improving hospital operational efficiency and patient outcomes. Although
recent advances in time-series forecasting models such as Long Short-Term Memory (LSTM),
Transformer, and Temporal Fusion Transformer (TFT) have achieved promising results in
predicting patient arrival patterns, these methods largely focus on isolated prediction tasks and fail
to capture complex operational dependencies within hospital systems. Moreover, existing
approaches rarely incorporate decision-making mechanisms or collaborative reasoning capabilities
required for real-world emergency resource scheduling. To address these limitations, this study
proposes MedAgentOps, a distributed multi-agent collaborative reasoning infrastructure designed
for emergency department flow forecasting and resource optimization. At its core, MedAgentOps
is powered by a novel Memory-Augmented Graph Reasoning Network (MAGR-Net), which
enables coordinated intelligence across multiple specialized agents, including prediction,
scheduling, resource allocation, and medical knowledge reasoning agents. The framework
integrates dynamic temporal modeling, shared memory mechanisms, and graph-based agent
collaboration into a unified system for end-to-end healthcare operation optimization. Specifically,
MedAgentOps incorporates four key components: (1) a Dynamic Temporal Graph Fusion (DTGF)
module for modeling heterogeneous temporal dependencies among clinical and operational factors;
(2) a Shared Medical Memory (SMM) mechanism for preserving both short-term operational states
and long-term historical knowledge; (3) an Agent Graph Reasoning Module (AGRM) for adaptive
coordination and information propagation among heterogeneous agents; and (4) a Multi-Objective
Proximal Policy Optimization (MOPPO) strategy for optimizing resource allocation under
multiple operational constraints.

The  main  contributions of  this work  are summarized  as follows:
(1) We propose MedAgentOps, a distributed multi-agent infrastructure for joint emergency flow
forecasting and resource optimization.
(2) We design MAGR-Net, a memory-augmented graph reasoning model enabling collaborative
decision-making across agents.
(3) We introduce a shared medical memory mechanism to enhance long-term operational
knowledge utilization.
(4) We develop a graph-based agent reasoning module for dynamic inter-agent coordination.
(5) We formulate a multi-objective reinforcement learning strategy to optimize ED resource
efficiency and service quality.

2.Literature Review

Recent years have witnessed rapid advances in artificial intelligence (Al), particularly in deep
learning, graph neural networks (GNNs), reinforcement learning (RL), and large language model
(LLM)-based agent systems. These developments have significantly influenced intelligent
healthcare systems, time-series forecasting, and distributed decision-making frameworks. In this
section, we review related work in four key directions closely relevant to this study: healthcare
time-series forecasting, reinforcement learning for resource optimization, graph-based reasoning
models, and multi-agent Al systems for decision-making.
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2.1 Healthcare Time-Series Forecasting for Emergency Department Management

Accurate prediction of emergency department (ED) patient arrivals is a fundamental task for
hospital operation optimization. Early approaches relied on statistical models such as ARIMA and
exponential smoothing, but their limited ability to capture nonlinear temporal dependencies
restricts their performance. With the rise of deep learning, recurrent neural networks (RNNs) and
Long Short-Term Memory (LSTM) models have become widely used in healthcare forecasting
tasks [1]. More recently, attention-based architectures such as the Transformer model [2] and
Temporal Fusion Transformer (TFT) [3] have demonstrated strong performance in modeling long-
range temporal dependencies and multi-source medical data. Studies such as Ouyang et al. (2021)
further show that transformer-based models outperform traditional RNNs in ED arrival prediction
under complex seasonal patterns. However, most existing methods treat forecasting as an isolated
task and ignore downstream operational decision-making requirements such as staffing and
resource allocation. Furthermore, hybrid models integrating external factors such as weather,
epidemics, and public events have been explored [4], but these approaches still lack integration
with system-level optimization frameworks. This limitation motivates the need for unified
architectures that jointly consider prediction and operational decision-making, as addressed in our
MedAgentOps framework.

2.2 Reinforcement Learning for Healthcare Resource Optimization

Reinforcement learning (RL) has been widely applied to healthcare resource allocation problems,
including patient scheduling, bed management, and ICU optimization. Mnih et al. introduced Deep
Q-Network (DQN), which laid the foundation for RL-based decision systems [5]. Building on this,
Proximal Policy Optimization (PPO) [6] has been widely adopted due to its stability and efficiency
in continuous decision spaces. In healthcare applications, Yu et al. (2020) proposed an RL-based
hospital bed allocation system that dynamically adjusts resource distribution based on patient
inflow. Similarly, Li et al. applied multi-objective reinforcement learning to optimize emergency
department waiting time and staffing costs simultaneously [7]. However, these methods typically
rely on simplified state representations and lack integration with predictive models or structured
reasoning modules. Recent studies have attempted to combine RL with forecasting models, but
most frameworks remain loosely coupled, limiting their ability to perform end-to-end decision
optimization in real-world hospital environments. In contrast, our proposed MOPPO module
integrates prediction, reasoning, and optimization within a unified multi-agent framework.

2.3 Graph Neural Networks for Structured Reasoning and Healthcare Systems

Graph Neural Networks (GNNs) have emerged as a powerful tool for modeling relational
structures in complex systems. Kipfand Welling introduced Graph Convolutional Networks (GCN)
[8], which enabled learning on non-Euclidean data structures. Subsequently, Graph Attention
Networks (GAT) [9] introduced attention mechanisms for adaptive neighbor aggregation.

In healthcare, GNNs have been applied to disease prediction, patient similarity modeling, and
medical knowledge graph reasoning. For example, Shang et al. (2019) used GNNs for patient
trajectory prediction, demonstrating strong performance in capturing temporal and relational
dependencies. However, most existing GNN-based healthcare models focus on static graph
structures and do not consider dynamic operational environments such as emergency departments.
More recently, dynamic graph learning methods such as Temporal Graph Networks (TGN) [10]
have been proposed to model evolving interactions. Nevertheless, these approaches still lack
integration with decision-making agents and memory mechanisms, which are critical for real-time
hospital operation optimization.
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2.4 Multi-Agent Systems and LL.M-Based Collaborative Reasoning

Multi-agent systems (MAS) have been extensively studied for distributed decision-making and
collaborative problem-solving. Early works focused on rule-based agent communication protocols
and task allocation strategies. With the emergence of deep learning, multi-agent reinforcement
learning (MARL) has become a dominant paradigm for cooperative systems [11]. Recently, LLM-
based agents have gained significant attention due to their strong reasoning and tool-use
capabilities. Frameworks such as AutoGPT and LangChain demonstrate how LLM agents can
perform complex task decomposition and execution. However, most existing systems rely on
sequential prompting strategies rather than structured collaboration mechanisms. Research on
agent communication graphs and memory-augmented reasoning remains limited. Existing studies
rarely integrate long-term memory, structured reasoning graphs, and reinforcement learning within
a unified infrastructure. To address these gaps, our proposed MAGR-Net introduces a memory-
augmented graph reasoning mechanism to enable structured collaboration among multiple
specialized agents in healthcare environments.

2.5 Summary of Related Work

In summary, existing research has made significant progress in healthcare forecasting,
reinforcement learning-based optimization, graph neural networks, and multi-agent systems.
However, most methods remain fragmented: forecasting models are isolated from decision-
making systems, RL-based approaches lack predictive awareness, and multi-agent systems often
fail to incorporate structured memory and graph reasoning. These limitations highlight the
necessity of a unified framework that integrates temporal forecasting, memory-augmented
reasoning, and multi-agent collaboration, which motivates the proposed MedAgentOps and
MAGR-Net architecture.

3.Methodology

3.10verview of MedAgentOps Framework

The proposed MedAgentOps is a distributed multi-agent collaborative reasoning infrastructure
designed for emergency department flow forecasting and resource optimization. The core idea is
to transform emergency department management into a unified reasoning process that integrates
temporal prediction, knowledge retrieval, inter-agent collaboration, and optimization decision-
making. Unlike conventional forecasting or scheduling systems that operate independently,
MedAgentOps formulates the problem as a coupled spatio-temporal decision system driven by
multiple interacting intelligent agents. At the heart of the framework lies the Memory-Augmented
Graph Reasoning Network (MAGR-Net), which serves as the central reasoning engine for all
agents. Given a sequence of multi-source emergency data X, = {x},x%,..., x['}, including patient
arrivals, resource status, and contextual signals, the system learns a unified representation:

Hy = Fprer (Xt)

where Fprqr denotes the Dynamic Temporal Graph Fusion module that encodes heterogeneous
temporal and structural dependencies. The resulting representation is then propagated through
memory-enhanced and graph-based reasoning modules to generate forecasting and decision
outputs.
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Figure 1. Overall flowchart of the model.
3.2 Dynamic Temporal Graph Fusion (DTGF)
To capture complex dependencies among heterogeneous emergency department variables,
drawing methodological parallels from dynamic temporal fusion approaches used in supply chain
risk analysis [12], we model the system as a dynamic temporal graph G, = (V, E;), where nodes
represent clinical and operational factors such as patient inflow, bed occupancy, staff availability,
and external environmental indicators. The edges evolve over time to reflect changing correlations.
This design allows the model to effectively capture dynamic bottlenecks and resource constraints
analogous to supply-demand fluctuations.
The node embedding at time t is computed using a graph attention mechanism combined with
temporal encoding:

ht = o( Z altWhi)
o

where aitj represents the attention coefficient learned dynamically based on temporal similarity

and operational dependency. The temporal evolution is further modeled using a Transformer-based
encoder:

Zy = Transformer(Hy_j.¢)
The final fused representation is obtained as:
Fr =M Z + 1,G;
where A, and A, are adaptive weighting parameters learned during training. This fusion allows

MedAgentOps to jointly capture both structural relationships and long-term temporal dynamics in
emergency operations.
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3.3 Shared Medical Memory (SMM)

A key limitation of existing forecasting and decision systems is the lack of persistent memory
across time. To address this, we introduce the Shared Medical Memory (SMM) module, which
stores both short-term operational states and long-term historical experiences across all agents.
We define two memory components: short-term memory Ms and long-term memory MI. The
short-term memory stores recent system states:

Mg ={F—1,F—2,..., Fi—o}
while long-term memory encodes historical patterns:

M, ={H® H®, HN)Y
Memory retrieval is performed using similarity-based attention:

e (sim(q, M)
"7 T e im(a, M)

and the retrieved context is computed as:

M etrievea = Zi a;M;

Inspired by recent advances in deep learning-based semantic recommendation database systems
where knowledge representations are efficiently queried for personalized retrieval [13], this
memory mechanism allows MedAgentOps to generalize across different operational scenarios,
such as seasonal peaks, epidemic outbreaks, and emergency surges.

3.4 Agent Graph Reasoning Module (AGRM)

To enable structured collaboration among heterogeneous agents, we propose the Agent Graph
Reasoning Module (AGRM), which models all agents as nodes in a reasoning graph GA = (4, R),
where A denotes agents and R denotes interaction relationships.

Each agent performs a specialized task, such as forecasting, scheduling, or resource allocation.
The interaction between agents is modeled using graph attention:

g, = exp (¢p(a;, a;)) )
T Yrexp (p(a;, ay)

where ¢(+) is a learnable compatibility function.
The updated agent state is:

a; = z o(BijWa;)

JEN()
This mechanism allows dynamic adaptation of reasoning paths depending on the operational

context. For instance, when patient inflow increases sharply, the prediction agent assigns higher
importance to scheduling and resource agents, enabling rapid response coordination.
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3.5 Memory-Augmented Multi-Agent Reasoning in MAGR-Net
The MAGR-Net integrates temporal representation, memory retrieval, and agent reasoning into a
unified architecture. The overall inference process can be formulated as:

Y, = G(Ft' M;etrieveds At)

where G denotes the global reasoning function, F; represents fused temporal features, My otrieved
denotes memory context, and A; represents agent states.
The prediction output for emergency inflow is:

Vertter = fpred (Ft» Myetrieved)

while the resource optimization policy is defined as:
m* = argmaxE [Z yt(Rfff — REOSt — Rpaity]
Vs
t

where the reward function balances efficiency, operational cost, and patient waiting time.

3.6 Multi-Objective Reinforcement Learning for Resource Optimization (MOPPO)

To optimize hospital operations, we adopt a Multi-Objective Proximal Policy Optimization
(MOPPO) strategy. The state space includes ED occupancy, staff availability, and predicted inflow:

St = [Ve, by, de, 1t

where b;, d;, and 1 denote beds, doctors, and resources respectively.
The action space includes dynamic scheduling decisions:

a; = {allocate beds, adjust staff, activate emergency resources}
The reward function is defined as:
Re=a- (W) +B-U+y (=C)

where W, is waiting time, U, is resource utilization, and C; is operational cost.
Policy optimization follows:

0" = arg max Er, [Z R¢]
t

This enables adaptive decision-making under highly dynamic emergency conditions.

3.7 Distributed Agent Infrastructure and Execution Mechanism

MedAgentOps is implemented as a distributed agent system where each agent operates
asynchronously over a shared message bus. Communication is event-driven, allowing real-time
coordination across prediction, reasoning, and optimization modules. To reduce inference latency,
we introduce a shared KV-cache mechanism and dynamic scheduling policy:

Score(a;) = aU; + Q; + vP;
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where U; is urgency, Q; is queue length, and P; is predicted impact. Agents with higher scores are
allocated GPU resources preferentially. Moreover, the decentralized nature of MedAgentOps
makes it highly adaptable to edge computing paradigms. For perception agents that handle
localized visual triage or real-time clinical image extraction, the system pipeline is designed to be
compatible with low-power hardware accelerators (e.g., FPGAs) [14]. This multi-tiered execution
mechanism—from hardware-accelerated feature extraction at the edge to graph-based reasoning
on central GPUs—ensures robust scalability. This infrastructure ensures scalability and efficiency
when deployed in large-scale hospital environments with multiple concurrent emergency streams.
4.Experiment

4.1 Dataset Preparation

In this study, we utilize a real-world emergency department (ED) operational dataset collected
from a large tertiary-care hospital’s information management system. The dataset is derived from
the hospital’s Electronic Health Records (EHR) system and emergency department admission logs,
covering a continuous period of 3 years from January 2021 to December 2023. It records both
patient-level arrival information and system-level operational states, enabling comprehensive
modeling of ED flow dynamics and resource utilization patterns. The dataset contains 182,460
emergency visit records, aggregated at hourly resolution for forecasting tasks. Each record
includes multi-dimensional features describing patient inflow, environmental conditions, and
hospital operational status. Specifically, the dataset integrates temporal attributes (hour, day of
week, month, holiday indicator), clinical demand indicators (number of arrivals, triage severity
level distribution), and hospital resource variables (available beds, occupied beds, number of on-
duty physicians and nurses). In addition, external contextual factors such as weather conditions
and regional epidemic indicators are incorporated to enhance predictive capability.

A summary of the key dataset features is presented in Table 1.

Table 1.0verview of ED Dataset Features.

‘Feature Category”Feature Name HDescription ‘

‘Temporal Features”Hour, Day, Month HTime indicators for periodicity modeling ‘

‘Demand Features ”Patient Arrival Count HNumber of incoming ED patients per hour‘

‘Clinical Features ”Triage Level DistributionHSeverity classification of patients ‘

‘Resource Features ”Bed Availability HNumber of available emergency beds ‘
‘Resource Features HStaff Allocation HNumber of active doctors and nurses ‘
‘Extemal Factors HWeather Condition HTemperature, humidity, and weather state ‘
‘External Factors ”Epidemic Index HRegional infection intensity indicator ‘

Overall, this dataset provides a high-resolution spatio-temporal view of emergency department
operations, making it well-suited for evaluating the proposed MedAgentOps framework in both
forecasting accuracy and resource optimization effectiveness.

4.2 Experimental Setup

The experimental evaluation is conducted on a real-world emergency department dataset collected
from a large tertiary hospital, spanning three years of continuous operational records. The dataset
is aggregated at an hourly granularity and includes patient arrival counts, resource utilization states,
and external environmental factors. To ensure a fair comparison, the dataset is split into training,
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validation, and testing sets with a ratio of 7:1:2, following standard time-series forecasting
protocols without data leakage. All models are implemented using PyTorch 2.0 and trained on a
server equipped with NVIDIA A100 GPUs (40GB memory), Intel Xeon CPUs, and 256GB RAM.
The optimization uses the Adam optimizer with an initial learning rate of le-4 and cosine decay
scheduling. For MedAgentOps, we deploy a distributed multi-agent environment where each agent
runs asynchronously and communicates via a shared message bus. The maximum sequence length
is set to 96 hours, and the batch size is fixed at 64. Early stopping is applied based on validation
loss with a patience of 10 epochs to avoid overfitting.

4.3 Evaluation Metrics

To comprehensively evaluate forecasting accuracy and operational efficiency, we adopt multiple
widely used metrics in time-series prediction and healthcare optimization tasks. Prediction
performance is measured using Mean Absolute Error (MAE), Mean Absolute Percentage Error
(MAPE), and Root Mean Square Error (RMSE), which evaluate absolute deviation, relative error,
and variance-sensitive deviation respectively. The forecasting task is defined as predicting future
emergency department patient inflow over a multi-step horizon. In addition, to evaluate resource
optimization effectiveness, we introduce operational metrics including average patient waiting
time (AWT), resource utilization rate (RUR), and cost efficiency (CE). These metrics reflect the
ability of the system to translate forecasting results into effective scheduling decisions. Higher
RUR and lower AWT indicate better system performance, while CE evaluates the trade-off
between operational cost and service quality.

4.4 Results

The results in Table 2 demonstrate that the proposed MAGR-Net significantly outperforms all
baseline models in emergency department flow forecasting. Specifically, MAGR-Net achieves an
MAE of 10.21, reducing prediction error by 26.6% compared to GCN-LSTM (13.92) and by 44.5%
compared to LSTM (18.42). In terms of RMSE, MAGR-Net achieves the lowest value of 14.33,
indicating improved robustness against extreme fluctuations in patient arrival patterns.
Furthermore, the MAPE of 8.73% demonstrates superior relative forecasting accuracy compared
to TFT (11.37%) and Transformer (12.85%). These improvements are primarily attributed to the
integration of Dynamic Temporal Graph Fusion and Shared Medical Memory, which enable richer
temporal dependency modeling and historical knowledge utilization. Overall, the results confirm
that memory-augmented graph reasoning significantly enhances predictive performance in
complex healthcare environments.

Table 2. Forecasting Performance Comparison.

Model MAE ||RMSE ||MAPE (%) |
LSTM 18.42 |24.87 14.96
Transformer 1631 |22.14 12.85

TFT 14.76 |20.08 11.37
GCN-LSTM 13.92 |19.41 10.54
MAGR-Net (Ours)|[10.21 |14.33 |8.73
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Table 3 presents the performance of different models in emergency department resource
optimization. The proposed MedAgentOps framework achieves the best overall performance
across all evaluation metrics. Specifically, it reduces average patient waiting time to 32.5 minutes,
which is 18.7% lower than GNN-RL (39.6 minutes) and 47.9% lower than rule-based scheduling
(62.4 minutes). In terms of resource utilization, MedAgentOps achieves 91.3%, significantly
outperforming MARL (82.1%) and PPO-based methods (78.5%). Moreover, cost efficiency
reaches 0.91, indicating a superior balance between operational cost and service quality. These
improvements stem from the integration of Multi-Objective Proximal Policy Optimization and
Agent Graph Reasoning Module, which enable adaptive coordination among multiple specialized
agents. The results strongly demonstrate that MedAgentOps is highly effective in translating
predictive intelligence into actionable operational decisions in dynamic emergency environments.

Table 3. Resource Optimization Performance Comparison.

Model Waiting Time | ||Utilization 1||Cost Efficiency 1
Rule-based Scheduling||62.4 min 71.2% 0.68
RL (PPO) 48.7 min 78.5% 0.74
MARL 42.3 min 82.1% 0.79
GNN-RL 39.6 min 84.7% 0.83
MedAgentOps (Ours) ||32.5 min 91.3% 0.91
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Figure 2. Agent Interaction Graph Evolution in MedAgentOps.

Figure 2 illustrates the evolution of interaction importance weights among the four core agents in
the proposed MedAgentOps framework during training. As training progresses from Epoch 1 to
Epoch 20, all agents exhibit an overall upward trend with moderate fluctuations, indicating that
the collaborative reasoning mechanism gradually learns more effective inter-agent communication
patterns. The Prediction Agent consistently maintains the highest interaction weight, increasing
from 0.42 at Epoch 1 to 0.81 at Epoch 20. This observation is consistent with the forecasting results
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reported in Table 2, where MAGR-Net achieves the best predictive performance with a MAPE of
8.73%, MAE of 10.21, and RMSE of 14.33. The Scheduling Agent rises from 0.35 to 0.77,
reflecting its growing contribution to resource allocation decisions. Similarly, the Resource Agent
improves from 0.30 to 0.73, while the Knowledge Agent increases from 0.28 to 0.68,
demonstrating the effectiveness of shared memory and knowledge retrieval mechanisms. The
gradual strengthening of agent interactions corresponds to the resource optimization improvements
shown in Table 3, where MedAgentOps reduces average waiting time to 32.5 minutes and
increases resource utilization to 91.3%. These results confirm that enhanced multi-agent
collaboration directly contributes to both forecasting accuracy and operational efficiency.

4.5 Discussion

The experimental results clearly indicate that integrating multi-agent collaborative reasoning with
memory-augmented graph learning leads to substantial improvements in both forecasting accuracy
and operational efficiency. Unlike traditional models that treat prediction and scheduling as
separate tasks, MedAgentOps establishes a unified reasoning pipeline where prediction outputs
directly influence downstream decision-making processes. Similar to how role-specialized agents
enhance complex visual workflows through structured collaboration [15], this end-to-end coupling
significantly reduces information loss and improves system responsiveness. Moreover, the
proposed distributed architecture allows for the seamless integration of specialized diagnostic
modules, such as deep learning models for rapid X-ray screening [16] and multi-scale attention-
enhanced Transformer architectures for accurate vessel segmentation [17], and real-time CNN-
Attention frameworks for rapid pathogen identification and virulence prediction [18], directly into
the ED workflow to further reduce diagnostic delays. Furthermore, the inclusion of Shared Medical
Memory enables the system to generalize across different operational scenarios, such as seasonal
peaks and emergency outbreaks. The Agent Graph Reasoning Module further enhances
adaptability by dynamically adjusting inter-agent dependencies based on contextual changes. This
allows the system to shift reasoning priorities in real time, improving robustness under highly
volatile conditions. Overall, the superior performance of MedAgentOps demonstrates the
effectiveness of combining temporal modeling, graph reasoning, reinforcement learning, and
distributed multi-agent infrastructure within a single unified framework for intelligent healthcare
operation optimization.

5. Conclusions

This study investigated the challenging problem of emergency department (ED) flow forecasting
and resource optimization in modern healthcare systems by proposing MedAgentOps, a distributed
multi-agent collaborative reasoning infrastructure built upon the Memory-Augmented Graph
Reasoning Network (MAGR-Net). Unlike conventional approaches that treat patient flow
prediction and resource scheduling as independent tasks, the proposed framework integrates
forecasting, memory-enhanced knowledge management, graph-based agent collaboration, and
reinforcement learning-driven optimization into a unified end-to-end decision-making architecture.
Through the Dynamic Temporal Graph Fusion (DTGF) module, Shared Medical Memory (SMM),
Agent Graph Reasoning Module (AGRM), and Multi-Objective Proximal Policy Optimization
(MOPPO) strategy, MedAgentOps enables intelligent coordination among multiple specialized
agents to support real-time hospital operational management. Comprehensive experiments were
conducted on a real-world emergency department dataset containing multi-source clinical,
operational, and environmental information. The experimental results demonstrate that the
proposed framework achieves superior performance compared with several state-of-the-art
baseline methods, including LSTM, Transformer, Temporal Fusion Transformer (TFT), GCN-
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LSTM, PPO, MARL, and GNN-RL. Specifically, MAGR-Net achieved the best forecasting
performance with an MAE of 10.21, an RMSE of 14.33, and a MAPE of 8.73%, significantly
outperforming all competing models. In addition, the MedAgentOps framework reduced the
average patient waiting time to 32.5 minutes, representing an approximately 17.9% improvement
over the strongest baseline model, while increasing resource utilization to 91.3% and achieving a
cost-efficiency score of 0.91. These results indicate that integrating memory-augmented graph
learning with multi-agent collaborative reasoning can effectively improve both forecasting
accuracy and operational decision quality in complex healthcare environments. From an
application perspective, the proposed framework provides a scalable and intelligent solution for
hospital emergency management, healthcare resource planning, and smart medical operation
systems. By enabling adaptive coordination among heterogeneous agents and leveraging historical
operational knowledge, MedAgentOps offers strong potential for deployment in large-scale
hospitals facing dynamic patient demand and resource constraints. Despite the encouraging results,
several limitations remain. First, the current study focuses primarily on a single-hospital dataset,
which may limit the generalizability of the model across different healthcare systems and
geographical regions. Second, the agent collaboration mechanism is evaluated under relatively
stable operational settings and may require further validation under large-scale emergency events
or pandemic scenarios. Future research will explore cross-hospital collaborative learning,
federated multi-agent architectures, large language model-enhanced medical agents, and
multimodal data integration involving clinical notes, medical imaging, and public health
information. Furthermore, incorporating causal reasoning and adaptive knowledge evolution
mechanisms may further improve the robustness and interpretability of intelligent healthcare
decision-making systems.
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