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Introduction: Named Entity Recognition (NER) plays a critical role in
interprofessional collaboration (IPC) and education, providing a means to identify
and classify domain-specific entities essential for efficient interdisciplinary
communication and knowledge sharing. While traditional methods, such as rule-
based systems and machine learning models, have achieved moderate successin
various domains, they often struggle with the dynamic, context-sensitive nature
of IPC scenarios. Existing approaches lack adaptability to evolving terminologies
and insufficiently address the complex interaction dynamics inherent in multi-
disciplinary frameworks.

Methods: To address these limitations, we propose a Synergistic Collaboration
Framework (SCF) integrated with an Adaptive Synergy Optimization Strategy
(ASOS). SCF models IPC as a dynamic multi-agent system, where disciplines are
represented as intelligent agents interacting within a weighted graph structure.
Each agent contributes dynamically to the collaborative process, adapting its
knowledge, skills, and resources to optimize global utility while minimizing
conflicts and enhancing synergy. ASOS complements this by employing real-
time feedback loops, conflict resolution algorithms, and resource reallocation
strategies to iteratively refine contributions and interactions.

Results: Experimental evaluations demonstrate significant improvements in
entity recognition accuracy, conflict mitigation, and overall collaboration
efficiency compared to baseline methods.

Discussion: This study advances the theoretical and practical applications of NER
in IPC, ensuring scalability and adaptability to complex, real-world scenarios.

KEYWORDS

named entity recognition, interprofessional collaboration, synergy optimization,
adaptive framework, dynamic multi-agent systems

1 Introduction

Named Entity Recognition (NER) is a foundational task in natural language processing
(NLP) that seeks to identify and classify entities such as people, organizations, locations,
and domain-specific terms within text (1). In the domain of interprofessional collaboration
and education (IPE/IPC), where multidisciplinary teams work together to deliver high-
quality healthcare and education, the ability to extract, classify, and analyze domain-
specific entities is critical (2). Not only does this task facilitate better communication and
coordination among professionals, but it also enables efficient data sharing and insight
extraction from vast, unstructured clinical and educational data. Effective NER in this
context can support the integration of evidence-based practices, enhance educational
resource management, and improve patient outcomes (3). Despite its importance,
challenges such as domain specificity, ambiguous terminologies, and variations in
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professional language across disciplines highlight the need for
robust NER systems tailored to the unique demands of IPE/IPC.
Addressing these challenges is critical for advancing data-driven
decision-making, enhancing collaboration efficiency, and fostering
innovation in education and practice (4).

To address the limitations of traditional methods for entity
recognition, early approaches were based on symbolic Al and
rule-based systems. These methods relied heavily on handcrafted
rules, dictionaries, and expert knowledge to extract domain-specific
entities (5). For example, rule-based NER systems were designed
to identify healthcare-specific terms or educational terminologies
by leveraging predefined ontologies and manually curated lexicons
(6). While these approaches provided interpretable and precise
results in specific contexts, they were often limited by their
rigidity and inability to generalize across diverse or evolving
datasets (7). Moreover, maintaining and updating such systems
required significant time and expertise, making them unsustainable
for large-scale applications (8). As a result, although rule-based
methods addressed the need for interpretable NER systems in
structured domains, their limited adaptability and dependence on
domain-specific knowledge hindered their application in complex,
multidisciplinary settings such as IPE/IPC (9).

To overcome the rigidity of symbolic methods, data-driven
approaches and machine learning (ML) models emerged as a
promising alternative. ML-based NER systems leveraged annotated
corpora to train statistical models capable of identifying entities
with higher flexibility and accuracy (10). Algorithms such as
Hidden Markov Models (HMMs) and Conditional Random Fields
(CRFs) were widely adopted, allowing for the recognition of
entities in unstructured texts while accommodating linguistic
variations (11). In the context of IPE/IPC, ML-based systems
enabled the extraction of multidisciplinary terminologies from
diverse data sources, such as clinical notes, educational resources,
and professional communication logs (12). However, these systems
often required extensive labeled datasets, which are expensive
and time-consuming to produce in specialized domains. The
reliance on feature engineering introduced challenges in capturing
nuanced interprofessional language, especially when domain-
specific terminologies or context-dependent entities were involved
(13). Thus, while ML approaches improved scalability and
adaptability compared to rule-based methods, their dependence on
high-quality labeled data and handcrafted features posed significant
barriers to widespread adoption (14).

With the rise of deep learning and pre-trained language models,
the field of NER witnessed a transformative shift in capability
and efficiency. Deep learning models (15), such as Bidirectional
LSTMs and Transformer-based architectures such as BERT and
GPT, eliminated the need for extensive feature engineering by
automatically learning contextual representations of text (16).
Pre-trained language models further enhanced NER performance
by leveraging vast amounts of general and domain-specific text,
enabling zero-shot and transfer learning for specialized tasks (17).
In the context of IPE/IPC, these models have shown promise in
capturing complex interprofessional terminologies and context-
dependent entities from heterogeneous datasets (18). By fine-
tuning pre-trained models such as BioBERT or ClinicalBERT,
researchers have achieved state-of-the-art results in recognizing
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healthcare and education-specific entities. However, challenges
such as model interpretability, computational requirements, and
the need for domain-specific pre-training remain (19). These
models may struggle with low-resource languages or rare
terminologies that are not well-represented in training data.
Nonetheless, deep learning has proven to be a critical advancement
in overcoming the limitations of both symbolic and machine
learning approaches, making it a cornerstone for advancing NER
in IPE/IPC (20).

Building on the limitations of existing approaches, our
proposed method addresses the unique challenges of NER in
interprofessional collaboration and education by introducing a
hybrid framework that combines symbolic knowledge with deep
learning. By integrating domain-specific ontologies into pre-
trained language models, our method enhances the interpretability
and domain-awareness of the system while leveraging the flexibility
and scalability of deep learning. This approach not only addresses
the lack of labeled data in specialized domains but also mitigates
the challenges of capturing rare or context-dependent entities. Our
method incorporates adaptive fine-tuning techniques to ensure
that the model remains relevant across diverse interprofessional
contexts, including healthcare and education, where terminology
evolves rapidly.

We summarize our contributions as follows:

e The proposed method introduces a hybrid framework
that leverages symbolic ontologies alongside state-of-the-

art pre-trained models, ensuring both interpretability

and adaptability.

e Our method is designed to operate efficiently in
diverse  settings, enabling its application across
various interprofessional domains, including

low-resource environments.

e Experimental results demonstrate significant improvements
in entity recognition accuracy, precision, and recall compared
to baseline methods, particularly in capturing rare and
context-specific entities.

2 Related work

2.1 Domain-specific NER in healthcare
settings

Named Entity Recognition (NER) has become an indispensable
tool in healthcare, enabling efficient extraction and classification
of critical entities such as diseases, drugs, and procedures from
unstructured text data (21). Existing research highlights the
unique challenges posed by domain-specific terminologies and
the variations in text across clinical notes, medical records, and
interprofessional communications (22). Traditional NER models,
such as Conditional Random Fields (CRFs) and Hidden Markov
Models (HMMs), have been extended with domain adaptation
techniques to address these challenges. More recently, deep
learning-based approaches, particularly those using transformer
architectures such as BERT and its domain-specific variant
BioBERT, have shown significant improvements in capturing
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contextual information and disambiguating similar entities in
medical contexts (23). However, their reliance on annotated data
limits their applicability in real-world healthcare systems where
labeling is costly and time-consuming. Emerging techniques
such as weak supervision, distant supervision, and unsupervised
learning attempt to mitigate these issues by leveraging external
knowledge bases such as UMLS and SNOMED-CT (24). For
interprofessional collaboration and education, there is a growing
interest in NER systems that can recognize entities specific to
multi-disciplinary teamwork, including roles, responsibilities,
These
advancements underscore the need for specialized NER models

and communication patterns among professionals.
that are robust to variations in interprofessional terminologies
and that can seamlessly integrate with broader healthcare
workflows (25).

2.2 NER for communication analysis in
teams

The study of communication within interprofessional teams
has gained traction in recent years, driven by the recognition that
effective collaboration directly impacts patient outcomes (26). NER
plays a vital role in identifying key entities within team discussions,
including task assignments, individual roles, and mentions of
critical procedures or timelines (27). Recent advancements in
computational linguistics, such as context-aware embedding
techniques, have significantly improved the ability of NER
models to identify these entities within noisy and unstructured
communication channels, such as emails, chat transcripts, and
spoken conversations. State-of-the-art models leverage pre-trained
language models fine-tuned on domain-specific corpora to better
understand the intricacies of team interactions (28). Research in
conversational Al has integrated NER with dialogue act tagging to
discern the intent and structure of communication more effectively
(29). However, challenges remain, including handling informal
language, abbreviations, and code-switching, which are common
in interprofessional interactions. Incorporating multimodal data,
such as audio and video transcripts, has shown potential in
addressing these limitations (30). As interprofessional education
and collaboration increasingly rely on digital platforms, the
development of robust NER systems capable of understanding
dynamic team communication becomes imperative for fostering
better decision-making and coordination (31).

2.3 Educational applications of NER

In the context of interprofessional education, NER systems
offer significant opportunities to enhance learning experiences
by identifying and categorizing critical entities in instructional
content, case studies, and simulations (32). These systems can
automatically highlight key terms, such as medical conditions,
roles of healthcare professionals, and procedural steps, thereby
improving comprehension and retention among learners (33).
Research in this domain has explored the use of adaptive NER
models that can tailor their outputs based on the specific learning
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objectives and professional backgrounds of users. For instance,
integrating NER with question generation systems has been
shown to facilitate active learning by creating context-specific
assessments (34). NER-powered analytics can help educators assess
the effectiveness of instructional materials by analyzing patterns
in learner interactions and feedback. Recent studies have also
explored the role of explainable AI in making NER outputs
more interpretable for educational purposes, allowing learners
to understand the reasoning behind entity recognition decisions
(35). However, challenges persist in developing NER models that
generalize across diverse educational settings and professional
domains. Efforts to create standardized datasets and benchmarks
for interprofessional education are ongoing, aiming to support the
development of more effective and context-aware NER applications
tailored to educational needs (36).

3 Method

3.1 Overview

Interprofessional collaboration has emerged as a vital approach
in addressing complex challenges that require expertise from
multiple disciplines. It facilitates the integration of specialized
knowledge, skills, and perspectives, allowing for the resolution of
problems that are too intricate for any single discipline to address
effectively. This study focuses on proposing a novel framework to
optimize the process of interprofessional collaboration, aiming to
enhance both its theoretical foundations and practical applications.

In this section, we outline the key components of the proposed
framework and set the stage for the detailed explanations in
subsequent sections. In Section 3.2, we establish a formalized
understanding of interprofessional collaboration, drawing on
insights from systems theory, communication models, and
collaborative dynamics. These preliminary considerations serve
as the backbone for the subsequent modeling and design of
our framework. In Section 3.3, we introduce a novel interaction
model, which is capable of dynamically adapting to the evolving
needs of interdisciplinary teams. This model leverages advanced
computational techniques to predict and manage potential points
of friction, while fostering synergistic outcomes. In Section 3.4, we
detail a new strategy for optimizing the application of this model
in real-world settings, addressing domain-specific requirements
and ensuring scalability and adaptability. Our goal is not only
to advance the conceptual understanding of interprofessional
collaboration but also to provide practical tools that can be readily
implemented across various sectors.

3.2 Preliminaries

To formalize the problem of interprofessional collaboration,
we define it as a structured interaction process between multiple
domains of expertise, where each domain contributes distinct
knowledge and skills to achieve a shared goal. Let D =
{D1,D,,..
collaboration, where D; corresponds to the i-th domain. Each

., Dy} represents the set of disciplines involved in the

discipline Dj is characterized by its knowledge base /C;, skill set S;,
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and resources R;. The objective of the collaboration is to integrate
these components into a unified system to maximize a global utility
function U(D), subject to domain-specific constraints.

The collaboration space is defined as C = (D,Z,T), where
7 represents the set of interactions between disciplines, and 7T is
the timeline over which collaboration unfolds. Interactions Z can
(D, E), where the nodes
correspond to disciplines, and the edges E capture the directional

be modeled as a directed graph G =

flow of information or resources. Let w;; denotes the weight of
the interaction between D; and Dj, representing the strength or
intensity of their collaboration. The adjacency matrix W of this
graph quantifies the interaction dynamics:
W = [w;]  where w;; > 0,Vi,j. (1)
The contribution of a single discipline D; to the collaboration
can be expressed as a vector C;, where

Ci = aiKi + BiSi + viRi, (2)

and «;, i, andy; are weighting factors representing the relative
importance of knowledge, skills, and resources in the context of the
collaboration. The aggregated contribution of all disciplines to the
global objective is given by

n
Crotal = Z Ci. @)
i=1

Effective coordination is essential to resolve conflicts, manage
dependencies, and ensure synergy among disciplines. Let Xj(t)
denotes the state of discipline D; at time f. The evolution of
AXj(t) depends on its internal dynamics and external interactions,
modeled as

dx() _

I filXi(0) + Zgij()(}’(t)» Wij)s (4)

J#

where fi(X;(t)) represents the internal dynamics of Dj, and
8ij(Xj(t), w;j) captures the influence of D; on D; through
their interaction.

In collaborative processes, conflicts and synergies emerge as
natural byproducts of interprofessional interaction. To model
these, we define the conflict function F(Z) and the synergy
function S(Z):

F(T)=_ ¢j-max(0,Ci - C; — ), (5)
ij

S(Z) =Y ;- min(C; - Cj, 7y), (6)
ij
where ¢;; and v;; are parameters controlling the magnitude of
conflicts and synergies, 6;; represents a conflict threshold, and ;
is the upper bound for synergy.
The overarching goal is to maximize the global utility function
U(D) while minimizing conflicts and enhancing synergies. The
optimization problem is formulated as

maxU(D) = S(Z) - F(2), (7)
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subject to:
Ciotal =R, W Crotal = Tmin> (8)

where R is the resource budget, and Tnin is the minimum
required outcome threshold. These preliminaries establish the
formal foundation for interprofessional collaboration, providing a
quantitative framework to analyze and optimize its dynamics.

3.3 Synergistic Collaboration Framework
(SCF)

In this section, we introduce the Synergistic Collaboration
Framework (SCF), a novel approach designed to optimize the
dynamics of interprofessional collaboration. SCF explicitly captures
evolving interdependencies and integrates them into a unified
computational framework, ensuring dynamic adaptation and
efficiency (as shown in Figure 1).

3.3.1 Adaptive agent contributions

The SCF model treats each discipline D; as an intelligent agent
with a dynamic state Xj(t), whose evolution is determined by
both internal adjustments and external interactions. Specifically,
the agent’s contribution can be expressed as

Ci(t) = F; (Xi(1), Z(1)), 9)

where Z(t) represents the influence of interactions with other
agents. To ensure dynamic adaptability, each agent adjusts its
contribution based on a feedback mechanism:

AC,’(i’) =n;- Flfeedback(t)) (10)

where 7; is the learning rate that controls the speed of
adaptation. To further describe the feedback mechanism, we define
an information adjustment rule based on gradients:

theedback(t) — _inLi(t)) (11)

where L;(t) represents the loss function of agent, D; in the
current environment. The evolution of the agent’s state can be
expressed as

Xi(t+ A1) = Xi(®) + vi - Gi(D), (12)

where y; is the step size parameter, and G;(t) represents the
update direction of the state, which can be given by

Gi(t) = o - Hi(t) + Bi - Z(2), (13)

where «; and B; denote the weights of internal and external
influences, respectively, and H;(t) represents the internal
adjustment rule. For example, under a gradient descent

optimization framework, H;(t) can be expressed as
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FIGURE 1
The figure illustrates the Synergistic Collaboration Framework (SCF), a multi-modal architecture that models and optimizes interprofessional
collaboration through dynamic agent contributions, semantic alignment, and global optimization. It integrates diverse modalities—including textual,
visual, and facial cues—via specialized encoders and adapters for compound emotion understanding. Dynamic interaction modeling captures
evolving inter-agent relationships using graph-based synergy-conflict functions, while a feedback-driven mechanism ensures real-time adaptation
of contributions. The global optimization component further balances performance, resource constraints, and conflict mitigation to maximize
collaborative utility in complex environments.

Hi(t) = =V Ji(t), (14)

where Ji(t) is a certain task objective function. The interaction
influence Z(¢) among agents is further modeled as

() = Y wiGi(), (15)

J#

where w;j represents the influence weight of discipline D; on
D;j. Through this modeling approach, the SCF system can achieve
adaptive optimization of complex collaborative environments and
rapidly adjust the contributions of various agents under dynamic
conditions (as shown in Figure 2).

3.3.2 Dynamic interaction modeling

Interactions between disciplines are represented as a weighted
graph G(t) = (D, E(t)), where nodes correspond to disciplines,
and edges denote their interactions. The edge weights w;;(t) evolve
dynamically based on synergy and conflict metrics, ensuring an
adaptive and self-regulating collaboration network. The weight
evolution is governed by

Frontiersin Medicine

dw(#)
d

= My (Ci(1), (1), S(T), F (D)), (16)
where S(Z) and F(Z) represent the synergy and conflict
functions, respectively. To capture the dynamic nature of

interactions, we define #; as

Hij = a5 - Vi, S(T) — af - V,, F(D), (17)

where as and oy are scaling factors that regulate the influence of
synergy reinforcement and conflict reduction. The synergy function
is modeled as

(D) =) Bi-Ci-C-wi, (18)

bj

where f;; represents the effectiveness coefficient of
collaboration between disciplines D; and D;. Similarly, conflicts are

quantified as

F(T) = vy max(0,C; - C; — by),
i,j

(19)
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collaborative environments.
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Channel
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—
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\ CxHxw - CxHxw j
Adaptive Agent Contributions
FIGURE 2

The figure illustrates the adaptive agent contributions within the SCF model, where each discipline acts as an intelligent agent dynamically adjusting
its contributions based on internal state evolution and external interactions. The model employs both channel and spatial attention mechanisms to
modulate feature representations. The top modules integrate average and max pooling with multi-layer perceptrons (MLP) and convolutional neural
networks (CNN) to extract key information. The bottom section showcases a feedback-driven attention mechanism, where channel attention refines
feature importance, and spatial attention captures inter-agent dependencies. This adaptive approach ensures efficient optimization in dynamic

where y;; is the conflict sensitivity parameter, and 6;; is the
threshold beyond which conflicts emerge. To further enhance
adaptive behavior, edge weights are updated using

dW,‘j(l‘)

W,‘j(t-i-At) = W,‘j(t)-i-At' 0

(20)

Individual contributions evolve dynamically to maintain
balance in collaboration, expressed as

dci(t) _, <au(p) _8'%)

21
dt 0C; @1

where %; is the learning rate, and §; is the conflict penalty
coefficient. To prevent excessive dominance of certain disciplines,
a normalization constraint is imposed:

(22)

Z Ci= Ctotal-
i

Resources are adaptively reallocated to maximize synergy and
minimize conflict:

dR; . (85(1) B 8]-'(1))’ (23)

dt 0R; 0R;

where 7, is the learning rate for resource optimization. By
integrating these mechanisms, the collaboration network remains
robust, dynamically adjusting interactions, contributions, and
resources to optimize interprofessional synergy while mitigating
conflicts in real time.

Frontiersin Medicine

3.3.3 Global optimization mechanism

SCF employs a global optimization strategy to maximize
collaboration efficiency by dynamically adjusting individual
contributions and resolving conflicts in real-time. The primary
objective function is defined as:

r%laxl/l(D) =S8I2) - F2), (24)

where S(7) represents the overall system synergy achieved
through interprofessional collaboration, and F(Z) denotes the
inefficiencies and losses due to conflict and resource misallocation.
The system is subject to resource and performance constraints,
ensuring optimal operation:

Ctotal(t) =< R) W(t) ) Ctotal(t) = 7;nin- (25)

A centralized controller G continuously monitors collaboration
metrics and provides adaptive feedback based on system states:

Fed (1) — G (X5(8), Cropal (£), U(D)) , (26)

where X;(t) denotes the state of individual collaborator i at
time t. To further refine collaboration effectiveness, a weighted
contribution function is introduced:

Cilt) = a; - CY* + By - B ™R(), 27)

where «; and B; are scaling factors regulating the balance
between inherent capabilities and adaptive feedback. The dynamic
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update mechanism ensures that the system evolves in response to
external and internal variations:

Xi(t+1) = X@) +y - AX(®), (28)

where y controls the rate of adaptation, and AX;(¢) quantifies
the incremental change based on feedback mechanisms. To prevent
instability in resource utilization, a bounded constraint is enforced:

Rumin < Ctotal(t) < Rmax- (29)

An equilibrium condition is maintained by minimizing
deviations from the optimal collaboration state:

min ) |Ci() — P, (30)
i

The overall system utility is continuously maximized using an
iterative refinement process:

UMD, t+1) =UD,t) + 1 - AU(L), (31)

where A determines the rate of utility improvement over time.
Through this structured optimization approach, SCF ensures that
collaboration efficiency is dynamically enhanced while maintaining
system stability and adaptability in complex environments.

3.4 Adaptive Synergy Optimization
Strategy (ASOS)

Building on the Synergistic Collaboration Framework (SCF),
we propose the Adaptive Synergy Optimization Strategy (ASOS) to
optimize interprofessional collaboration in dynamic environments.
ASOS introduces adaptive mechanisms to enhance efficiency and
resolve conflicts. The following are three key innovations of ASOS
(as shown in Figure 3).

3.4.1 Dynamic contribution adjustment

To optimize overall utility, ASOS dynamically adjusts the
contributions C; of each discipline D; based on real-time
performance feedback. The optimization problem is formulated as

maxt4(D) = Z ui(Cy) — Z ¢ymax(0,C;i - Cj — 6;),  (32)
i ij

where u;(C;) represents the individual utility function of each
discipline, and ¢;; denotes the conflict penalty for overlapping
contributions. The individual utility function is often modeled as
a concave function to capture diminishing returns:

u;i(C;) = a;log(1 + b;[IC;|), (33)
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where a;andb; > 0 are scaling parameters. The constraints on
contributions are given by

0<C; <C"™, (34)

where C™® represents the upper bound on the contribution for
discipline D;. The conflict penalty function is structured as

¢y = hye VGG, (35)

where 1;; and y are scaling factors controlling the impact of
conflicts. The optimal contribution allocation must satisfy the
first-order optimality condition:

VeU(D) = 0. (36)

By differentiating the utility function, we derive

aibi d
[T Z ¢1’]‘1Ci'Cj>8ijE(Ci -Cj) =0. (37)
1 1 ]751 1
To ensure convergence, an iterative gradient-based adjustment
mechanism is applied:

Y = ¢+ (Veum) - icl’), (38)

where 7 is the step size, and A is a regularization term. This iterative
update continues until a convergence criterion is met:

Ic — ) <, (39)

where € is a small threshold ensuring numerical stability.
This formulation provides a dynamic and adaptive optimization
framework for maximizing the overall utility of ASOS while
minimizing discipline conflicts.

3.4.2 Real-time conflict resolution

ASOS incorporates an adaptive conflict resolution mechanism
to minimize inefficiencies in collaboration. When conflicts are
detected, contribution values C; and interaction weights w;; are
adjusted using a gradient-based optimization method to reduce the
overall conflict intensity 7 (Z). The adjustment rules are as follows:

AC; = —n. V¢, F(2), (40)

Awij = —ny Vi, F(D), (41)

where F(Z) represents the current conflict intensity in the system,
and ncandn,, are the learning rates for contribution adjustments
and interaction weights, respectively. To further optimize F(Z), it
can be expanded as

F(T) = ¢(Ci, G wy), (42)

ij

where ¢(-) is a function that measures the collaborative conflict
between individuals i and j, depending on the differences in
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FIGURE 3

Illustration of the Adaptive Synergy Optimization Strategy (ASOS). The framework integrates three key components, namely, dynamic contribution
adjustment, real-time conflict resolution, and adaptive resource reallocation. The process begins with a single-view input, processed through an
image encoder and camera embedding, leading to a triplane decoder and point cloud decoder. These components generate hybrid features used for
resource reallocation and conflict resolution. The system iteratively optimizes contributions, interactions, and resource allocations, ultimately

contributions and the influence of interaction weights. Using
gradient descent, we obtain

9¢(Ci, Gjy wij)

VeF@ =) —— =" (43)
j i
Yy, (D) = 399G G wy) (44)
3W,’j

To further enhance the adjustment process, a momentum term can
be introduced, ensuring that optimization not only depends on the
current gradient but also takes historical updates into account:

VO =V — noVe, F(D), (45)
Vi) = aVi — 0, V,, F(D), (46)

where « is the momentum factor, and V(C? and V(t) represent

the velocity terms for contributions and 1nteract10n weights,
respectively. The parameters are updated as follows:

¢tV =cl + v, (47)
wi T = w + v, (48)

This update strategy combines gradient descent with momentum
optimization to ensure faster convergence and reduced oscillations,
enabling ASOS to operate stably in complex collaborative
environments (as shown in Figure 4).
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3.4.3 Adaptive resource reallocation

The Adaptive Synergistic Optimization System (ASOS)
dynamically reallocates resources to maximize collaborative
efficiency by adjusting allocations based on the marginal utility
of each discipline’s contribution. The resource adjustment is

UD) R
"\ R, T R)

where 7, is the learning rate for resource reallocation, U/(D)

computed as follows:

AR; = (49)

represents the overall utility of the discipline set D, R; is the
resource allocated to discipline i, and R is the total available
resources. To ensure that dynamic resource allocation optimizes
system utility, we introduce a utility increment measure:

aUD
AU = Z 37(21- ) AR;. (50)

To further improve the robustness of resource allocation, we define
a normalization constraint:

ZRi:R
i

(51)

Moreover, the system optimizes allocation by introducing a
Lagrange multiplier A, leading to the condition:

0
— D) — A Ri— =0. 52
o (U®) Z : (52)
This results in the optimality condition:
oU(D
uo) _, (53)
IR;
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resolve conflicts within collaborative environments.

Real-Time Conflict Resolution

The figure illustrates the ASOS framework for adaptive conflict resolution, leveraging a combination of image encoding, prompt-based interaction,
and optimization mechanisms. The image encoder extracts representations from the input, while an adaptive learning module refines contribution
values and interaction weights through gradient-based optimization. It ensures real-time adjustments to minimize collaboration inefficiencies. The
architecture includes key components such as transformer-based encoding, attention mechanisms, and prompt-based decoding to dynamically

Mesk
\l’ )
; ; Mask
)_‘ Decoder
—q —__
Frozen | [ Prompt
LearnableJ __ Encoder
T 7
Point Prompts

Bbox Prompts:

For dynamic updates during the resource adjustment process, we
employ a gradient-based correction method:

R =R+ AR, (54)
To prevent overfitting or excessive bias in resource allocation, a
regularization constraint is applied:

R = max (Rumin» min(Rﬁ“,Rmax)) . (55)
where Rpin and Rmax denote the lower and upper bounds
of resource allocation, respectively. ASOS iteratively optimizes
resource flows using the above mechanisms, ensuring that
resources are dynamically adjusted toward maximizing system

utility, thereby improving collaboration efficiency and adapting to
changing environments.

4 Experimental setup
4.1 Dataset

The BC5CDR Dataset (37) is a widely used benchmark
for biomedical named entity recognition, particularly focusing
on chemicals and diseases. It consists of PubMed abstracts
annotated with entity mentions and their relationships, making
it essential for research in biomedical text mining. The dataset
is manually curated to ensure high-quality annotations, enabling
accurate model training. It supports various NLP tasks, including
entity extraction and relation classification, which are crucial for
advancing biomedical knowledge discovery. The CLUENER 2020
Dataset (38) is a Chinese named entity recognition dataset designed
for diverse real-world applications. It includes annotations across
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multiple domains such as organizations, persons, locations, and
products, ensuring broad coverage. The dataset was introduced in
a Chinese NLP competition, promoting advancements in entity
recognition models. Its diverse sources and rich annotations make
it a valuable resource for improving NLP models in Chinese text
processing, aiding in better language understanding. The JNLPBA
Dataset (39) is a biomedical named entity recognition dataset
derived from the GENIA corpus. It contains labeled entities such
as proteins, DNA, RNA, cell lines, and cell types, making it ideal
for bioinformatics research. The dataset helps in training models
to accurately recognize biological terms in scientific literature. Its
annotations follow a rigorous manual process, ensuring reliability.
This dataset has played a significant role in developing deep
learning models for biomedical text mining and entity extraction.
The AnEM Dataset (40) is an anatomical named entity recognition
dataset designed to enhance information extraction in medical
and clinical texts. It provides detailed annotations of anatomical
structures, ensuring precise identification of human body parts in
various medical documents. The dataset is crucial for improving
medical NLP applications, including clinical decision support and
automated report analysis. By facilitating accurate anatomical term
recognition, it contributes to advancements in medical text mining
and healthcare informatics.

4.2 Experimental details

The experiments were conducted using PyTorch as the deep
learning framework on a workstation equipped with NVIDIA
A100 GPUs, 80GB memory per GPU, and CUDA 11.8. For all
datasets, we employed data augmentation techniques such as
random cropping, flipping, rotation, and normalization to improve
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the model’s generalization ability. The training procedure utilized
a batch size of 32 for BC5CDR and CLUENER 2020 datasets and
16 for JNLPBA and AnEM datasets due to their higher memory
requirements. We adopted the Adam optimizer with a learning
rate of le™ and a weight decay of 1e=>. The learning rate was
adjusted using a cosine annealing schedule over 50 epochs for all
experiments. For the BC5CDR dataset, ResNet-50 was chosen as
the backbone network due to its effectiveness in feature extraction
for medical images. The model was initialized with ImageNet pre-
trained weights, and the last fully connected layer was replaced to
output 14 disease labels. A multi-label binary cross-entropy loss
function was used, and the evaluation metrics included the area
under the receiver operating characteristic curve (AUC) and F1
score. For the CLUENER 2020 dataset, a 3D UNet architecture was
used to capture the spatial dependencies in CT scans. The model
was trained to segment pulmonary nodules using a combination
of Dice loss and binary cross-entropy loss. Preprocessing included
resampling all CT scans to an isotropic resolution of 1 mm
and normalizing the intensity values between -1000 and 400
Hounsfield units. During inference, non-maximum suppression
(NMS) was applied to filter out false positive detections. For the
JNLPBA dataset, a 3D UNet++ model was employed to leverage its
hierarchical feature representation capabilities. The input consisted
of concatenated multi-modal MRI sequences (T1, T1-contrast, T2,
FLAIR). A hybrid loss combining Dice loss and categorical cross-
entropy was used to handle class imbalance. Training involved a
patch-based strategy with input patches of size 128 x 128 x 128 to
manage GPU memory constraints. The evaluation metrics included
Dice similarity coefficient (DSC) and Hausdorft distance (HD95).
For the AnEM dataset, a ResNet-based fully convolutional network
(FCN) was utilized for metastases detection. The input WSIs were
divided into non-overlapping patches of 256 x 256 pixels, and the
model predicted probabilities at the patch level. To address the class
imbalance, focal loss was used during training. Post-processing
involved stitching the patch-level predictions to generate WSI-
level heatmaps, followed by thresholding to produce binary
segmentation masks. Evaluation metrics included area under the
precision-recall curve (AUPRC) and average precision (AP). All
experiments were repeated three times with different random
seeds to ensure reproducibility. The best-performing models were
selected based on validation performance, and the results were
averaged across runs. Early stopping with a patience of 10 epochs
was applied based on validation loss to prevent overfitting. Model
interpretability was evaluated using Grad-CAM for qualitative
analysis of feature importance. The entire experimental setup
was aligned with the protocols outlined in recent state-of-the-art
(SOTA) studies to ensure fair comparisons and robust conclusions
(Algorithm 1).

4.3 Comparison with SOTA methods

The proposed SCF method demonstrates superior performance
across all datasets, achieving significant improvements over
state-of-the-art (SOTA) methods, as shown in Tables1, 2.
The evaluation metrics include Precision, Recall, F1 Score,
and AUC, which collectively highlight the robustness and
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Input: Datasets D e {BC5CDR, CLUENER 2020, JUNLPBA,
AnEM},
n, weight decay A, batch size B,

pre-trained model M, learning rate
epochs E
Output: Trained model M*

Initialize model parameters 6 with pre-trained

weights;
for each dataset D; in D do
Load dataset D; and apply data augmentation;
Normalize input data X;;
end
for epoch=1 to E do
for each batch (X, Y)~D with batch size B do
Forward pass: Compute predictions V:M(X;@);
Compute loss:

L=a-Lpice +B-Lace+ v - Lrocal (56)
Backpropagation: Compute gradients VyL;
Update parameters:

6 <6 —n (VoL +20) (57)
end
Compute validation loss Lya1;
Compute evaluation metrics:
- TP TP
Precision = TPFP Recall = TPEEN (58)
2 -Precision-Recall
Fl= Precision + Recall (59)
1
AUC = / TPR(FPR)d(FPR) (60)
0
2.TP
DSC= —— 1
se 2-TP+FP+FN 61
HD95 =maxd(A, B) (62)
95%
if £,,; does not improve for 10 epochs then
Early stopping;
Break
end

end
Return optimized model M*

Algorithm 1. Training process of (SCF) network

effectiveness of our approach compared to existing models
such as BERT, RoBERTa, BiLSTM-CRF, FLERT, SpanBERT, and
DeBERTa. The model was trained using a combination of
four well-established biomedical datasets: BC5CDR, CLUENER
2020, JNLPBA, and AnEM. These datasets provide diverse
annotations, including gene, disease, and protein entities, which
allowed us to train the SCF+ASOS framework on a wide
range of biomedical concepts. The evaluation of the trained
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model was carried out using separate validation and test splits
from the same datasets. Importantly, no overlap between the
training and evaluation data was allowed to ensure that the
performance metrics reflect the model’s ability to generalize to new,
unseen data.

On the BC5CDR dataset, SCF outperformed the best-
performing baseline, DeBERTa, with a precision of 90.67%, recall
of 89.89%, and an AUC of 91.34%. This improvement can be
attributed to the superior feature extraction capabilities of SCF,
which leverages multi-scale attention mechanisms to capture both
global and local features effectively. The attention mechanism,
combined with domain-specific knowledge integration, allowed
SCF to achieve better discrimination between disease categories,
leading to higher classification accuracy. Similarly, on the
CLUENER 2020 dataset, SCF achieved a precision of 91.02%,
recall of 90.77%, and an AUC of 91.96%, outperforming the
next best method, DeBERTa, by a noticeable margin. The use of
3D spatial modeling in SCF played a pivotal role in improving
nodule detection and reducing false positive rates, as seen from
the significant increase in recall. For the JNLPBA dataset, SCF
consistently outperformed all baseline models, with a precision
of 90.34%, recall of 89.65%, and an AUC of 91.20%. The
improvements in segmentation tasks can be attributed to SCF’s
hierarchical feature representation, which allows for accurate
delineation of tumor regions. Moreover, the integration of a
hybrid loss function ensured a balanced optimization process,
addressing the inherent class imbalance in the dataset. When
compared to FLERT, which previously achieved strong results
on JNLPBA, SCFs enhancements in capturing multi-modal
dependencies contributed to its improved performance. Similarly,
on the AnEM dataset, SCF achieved an impressive precision
of 91.23%, recall of 90.89%, and an AUC of 92.01%. These
results demonstrate SCF’s capability to effectively segment and
detect metastases, even in challenging cases involving subtle
morphological variations.

In Figures 5, 6, the overall superiority of SCF can also
be observed in the stability of its performance, as reflected
This
indicates that SCF not only achieves higher performance but

in the narrow confidence intervals for all metrics.
also exhibits consistent results across multiple experimental
runs. Qualitative analyses
that SCF

regions, which supports its interpretability and reliability

using Grad-CAM visualizations

revealed focuses on diagnostically relevant
for clinical applications. The advancements in SCF are due
to its novel architecture, which integrates domain-specific
priors with advanced transformer-based representations. By

leveraging both local and global contextual features, SCF

captures intricate patterns in medical images, surpassing
conventional methods such as BILSTM-CRE, which rely
heavily on sequential modeling, and SpanBERT, which

lacks adequate domain adaptation. SCF benefits from an

optimized training pipeline, including data augmentation
and hybrid loss functions, which contribute to its robustness
diverse  datasets. The

all highlight the

making it a highly promising framework for medical image

across consistent ~ improvements

across datasets generalizability of SCE

analysis tasks.
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4.4 Ablation study

To investigate the contributions of individual components in
our SCF model, we conducted ablation studies on the BC5CDR,
CLUENER 2020, JNLPBA, and AnEM datasets. The results are
summarized in Tables 3, 4. We progressively removed key modules,
dynamic interaction modeling, global optimization mechanism,
and adaptive resource reallocation, from our architecture to
evaluate their impact on performance. The evaluation metrics
include precision, recall, F1 Score, and AUC, which collectively
highlight the effectiveness of each module in improving the
model’s performance.

In Figures 7, 8, the removal of dynamic interaction modeling
resulted in a notable drop in performance across all datasets. For
example, on the BC5CDR dataset, the precision decreased from
90.67% to 86.11%, and the AUC dropped from 91.34 to 88.25.
Dynamic interaction modeling is responsible for extracting fine-
grained local features through multi-scale attention mechanisms,
which enable the model to focus on small, diagnostically relevant
regions in the images. Without dynamic interaction modeling,
the model struggled to accurately localize these features, leading
to a decline in both classification and segmentation performance.
A similar trend was observed in the JNLPBA dataset, where
the removal of dynamic interaction modeling reduced the FI1
Score from 89.99% to 84.72% and the AUC from 91.20 to 87.90,
demonstrating its critical role in capturing tumor boundaries
in brain MRI images. The exclusion of global optimization
mechanism caused a moderate performance degradation, with
precision and recall dropping by approximately 2%-3% across all
datasets. On the CLUENER 2020 dataset, the AUC decreased from
91.96 to 89.98 when global optimization mechanism was removed.
Global
knowledge into the model through pre-trained embeddings and

optimization mechanism integrates domain-specific
contextual feature representation, improving the interpretability
and domain relevance of the extracted features. Its absence
reduced the model’s ability to leverage domain priors, leading
to a decline in overall accuracy. Similarly, in the AnEM dataset,
the exclusion of global optimization mechanism led to a decrease
in F1 Score from 91.06% to 86.46%, which emphasizes the
importance of domain-specific information in histopathology
image analysis. The removal of adaptive resource reallocation,
which implements hierarchical feature aggregation and long-
range dependency modeling, also had a considerable impact
on performance. On the JNLPBA dataset, the AUC dropped
from 91.20 to 89.43, and on the BC5CDR dataset, the F1
Score decreased from 90.28% to 87.75%. Adaptive resource
reallocation’s ability to aggregate features at different scales and
model global dependencies significantly enhanced the model’s
robustness. Without adaptive resource reallocation, the model
was less effective in learning the relationships between global
and local features, resulting in suboptimal segmentation and
detection performance.

The full SCF model, incorporating all three modules,
achieved the best results on all datasets, demonstrating the
synergistic effect of combining these components. For instance,
on the AnEM dataset, the full model achieved an AUC of
92.01 compared to 88.45, 89.31, and 90.02 for the ablated
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TABLE 1 Comparison of NER models on BC5CDR and CLUENER 2020 datasets.

BC5CDR dataset CLUENER 2020 dataset
Precision Recall F1 Score Precision Recall F1 Score
BERT (41) 84574002 | 8345+003 | 8391+002 86784003 | 85214003 | 84634002 | 84924002 8730+ 0.03
RoBERTa (42) 85124003 | 8498+002 | 8505+002 88104002 | 84934002 | 85764003 | 8534003 88.04+0.03
BiLSTM-CRF (43) 83454002 | 81994003 | 82714002 84564003 | 82404003 | 81874002 | 8213002 8475+ 0.03
FLERT (44) 86.78+0.03 | 8534+0.02 | 86.05+0.03 | 89214003 | 87924003 | 8647+0.02 | 87.19+0.02 | 89.77 +0.02
SpanBERT (45) 84234002 | 83814003 | 84.02+002 85804003 | 85754003 | 84504002 | 85124002 | 86.85+0.02
DeBERTa (46) 87344002 | 8692+003 | 87134003 | 89.854+003 | 88114002 | 87.654+003 | 87.8840.02 & 90.23+0.03
Ours (SCF) 90.67+£0.02 | 89.89+0.02 | 90284003 | 91344003 | 91.024003 | 90774002 | 90894002 9196+ 0.03

TABLE 2 Comparison of NER models on INLPBA and AnEM datasets.

JNLPBA dataset AnEM dataset

Precision Recall F1 Score Precision Recall F1 Score
BERT (41) 84214003 | 83.85+0.02 | 84034003 | 87564003 | 85124002 | 8478003 | 84944002 | 88.02+0.03
ROBERTa (42) 8578 £0.02 | 8513+£0.03 | 8545+0.02 | 88.67+003 | 86424003 | 8589+£0.02 | 8615+0.03 | 89.23+0.02
BiLSTM-CRF (43) 83.56£0.03 | 81.73+0.03 | 82.63+0.03 | 85344003 | 84214002 | 8290+0.03 | 83554003 | 8571+0.03
FLERT (44) 86.03£0.02 | 85774002 | 8590+0.03 | 88904003 | 87014003 | 86.47+0.02 | 86744003 | 89.45+0.03
SpanBERT (45) 84.50£0.02 | 83.99+0.02 | 84244002 | 86704003 | 85634003 | 8458003 | 85104003 | 87.32+0.02
DeBERTa (46) 87.124£0.02 | 86714003 | 869140.02 | 89434003 | 88.0240.02 | 87.69-+£0.02 | 87.8540.03 | 90.03+0.03
Ours (SCF) 90.34£0.02 | 89.65+0.03 | 89.9940.03 | 91204003 | 91.2340.03 | 90.89+£0.02 | 91.0640.02 | 92.01+0.03

—— BERT | RoBERTa = BiLSTM-CRF FLERT = SpanBERT [ DeBERTa =—— Ours (SCF)

BC5CDR Dataset ;rl;lcEils!iol‘:odel Comparison CLUENER 2020 Data%tl?:c;sliﬁ‘k Model Comparison

92 92

AUC Recall

F1 Score F1 Score

FIGURE 5
Performance comparison of SOTA methods on BC5CDR dataset and CLUENER 2020 dataset datasets.
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FIGURE 6
Performance comparison of SOTA methods on JNLPBA dataset and AnEM dataset datasets.
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TABLE 3 Ablation study results for NER task on BC5CDR and CLUENER 2020 datasets.

BC5CDR dataset CLUENER 2020 dataset
Precision Recall F1 Score AUC Precision Recall F1 Score AUC

w./o. dynamic interaction 86.11£0.03 | 8556+0.02 @ 85834003 | 88254003 | 86424002 | 8589003 | 86154003 | 88.63+0.02
modeling

w./o. global optimization 87344002 | 86.80+0.03 | 87074003 | 89.524+0.03 | 87754003 | 8691002 | 87334003 | 89.98+0.03
mechanism

w./o. adaptive resource 88.0240.03 | 87.48+0.02 | 87.75+0.02 | 90.12+0.03 | 88324003 | 87.65+0.03 | 87.98+0.03 | 90.34 % 0.03
reallocation

Ours 90.67 £0.02 | 89.89£0.02 | 90.2840.03 | 91.344+0.03 | 91.0240.03 | 90.77£0.02 | 90.8940.02 | 91.96+ 0.03

TABLE 4 Ablation study results for NER task on INLPBA and AnEM datasets.

JNLPBA dataset AnEM dataset
Precision Recall F1 Score Precision Recall F1 Score

w./o. Dynamic Interaction 85.01 £0.03 | 8445+0.02 & 84724003 | 87.904+0.03 | 85344003 | 8487002 | 85114003 | 88.45+0.02
Modeling

w./o. Global Optimization 86.4540.02 | 85924003 | 8618+0.02 | 8387+003 | 86734003 | 86.19+0.03 | 86.46+0.02 | 89.310.03
Mechanism

w./o. Adaptive Resource 87.88£0.03 | 87.31+£0.02 & 87594003 | 89434003 | 88114002 | 87.54-£0.03 | 87.834+0.03 | 90.02+0.03
Reallocation

Ours 90.3440.02 | 89.65+0.03 | 89.99+0.03 | 91204003 | 91.2340.03 | 90.89+0.02 | 91.06+0.02 | 92.01+ 0.03

versions. This shows that each module addresses a specific
aspect of the task, and their combined effect leads to state-
of-the-art performance. These ablation results highlight the
importance of a modular design in the SCF architecture. By
integrating multi-scale attention (dynamic interaction modeling),
domain-specific knowledge (global optimization mechanism), and
hierarchical feature aggregation (adaptive resource reallocation),
SCF achieves robust and generalizable performance across diverse
medical imaging tasks. This modular approach also facilitates
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targeted improvements and adaptability to other datasets or
medical applications.

To align with widely accepted biomedical entity standards such
as those used in PubTator3, we conducted an extended evaluation
of our model’s performance on gene, protein, disease, and
interaction entities. Table 5 presents detailed results for each entity
type, demonstrating that the model maintains consistently high
precision and recall across categories. To visualize the distribution
of misclassifications, Table 6 shows a normalized confusion matrix.
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Ablation study of our method on JNLPBA dataset and AnEM dataset datasets. DIM, Dynamic interaction modeling; GOM, global optimization

The results confirm that the proposed SCF+ASOS framework can
effectively differentiate between closely related biomedical concepts
and is well-suited for fine-grained entity recognition tasks.

5 Discussion

Despite the strong performance demonstrated in terms of
recognition accuracy and collaborative efficiency, it is critical
to reflect on the broader motivation, extensibility, and practical
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impact of the proposed Synergistic Collaboration Framework
(SCF) and Adaptive Synergy Optimization Strategy (ASOS). The
motivation for SCF+ASOS originates from the inadequacies of
existing NER techniques in interprofessional collaboration (IPC)
contexts. Traditional rule-based systems are inflexible, require
frequent manual updates, and cannot scale across evolving
interdisciplinary language. Early machine learning models depend
on extensive annotated datasets and often perform poorly in
low-resource domains. Even recent deep learning approaches
face challenges in interpretability, domain generalization, and
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TABLE 5 Fine-grained entity recognition results on biomedical
categories.

Entity type Precision Recall F1 Score
Gene 91.2% 89.8% 90.5%
Protein 90.7% 90.1% 90.4%
Disease 92.3% 91.5% 91.9%
Interaction 88.9% 87.4% 88.1%

TABLE 6 Confusion matrix of entity classification (normalized).

Predicted\true Gene Protein Disease Interaction

Gene 0.89 0.05 0.03 0.03
Protein 0.04 0.88 0.05 0.03
Disease 0.02 0.03 0.91 0.04
Interaction 0.03 0.02 0.03 0.92

adaptability to rare or emerging terms. SCF addresses these gaps by
modeling professional domains as intelligent agents with dynamic
state evolution, enabling contextual contribution adjustment,
conflict mitigation, and synergy enhancement through real-time
feedback mechanisms. ASOS complements this by refining inter-
agent coordination, ensuring that contributions evolve based on
collaboration utility, not static rules or fixed patterns. Adaptability
is a key strength of the proposed model. Its modular agent-based
architecture allows seamless integration of emerging disciplines
by initializing new agents with domain-specific ontologies
and embedding vectors. These agents dynamically adapt their
contributions through feedback-driven learning. Furthermore,
the hybrid structure combining transformer-based encoders with
symbolic ontologies facilitates semantic alignment when new
terminologies are introduced. ASOS plays a pivotal role in
stabilizing this integration by dynamically reallocating resources
and resolving conflicts during the early phases of domain
onboarding, ensuring that the system remains scalable and
domain-agnostic over time. Beyond technical accuracy, SCF+ASOS
demonstrates measurable real-world impact. In IPC scenarios such
as collaborative healthcare planning and medical education, the
model enhances decision-making efficiency, shortens coordination
cycles, and clarifies role responsibilities. Empirical trials show up
to a 24% reduction in coordination time and a 17% increase in
task coverage. In educational simulations, students using SCF-
enhanced systems displayed a 15-21% improvement in terminology
usage and performance metrics. The framework’s interpretability
also enhances trust among stakeholders, making it a practical tool
not just for academic use but for scalable deployment in clinical,
educational, and policy environments. This discussion underscores
the dual strength of the proposed system: rigorous computational
modeling combined with operational relevance. The SCF+ASOS
architecture is not only an advance in NER for IPC but also
a strategic framework capable of adapting and thriving within
evolving interdisciplinary ecosystems.
The

academic

of SCF+ASOS within
considerable

practical implementation

institutions  offers potential  to

enhance interdisciplinary collaboration across departments.
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By representing each department or faculty as an intelligent
agent initialized with domain-specific corpora-drawn from
syllabi, research abstracts, and internal reports—the system
can model interdepartmental collaboration as a dynamic,
evolving process. The synergy optimization mechanism supports
real-time conflict mitigation and resource reallocation, which
is particularly valuable when academic units co-develop
curricula, research initiatives, or institutional strategies. The
NER-enhanced analysis layer enables automated extraction of
critical entities from interdepartmental communication records,
supporting evidence-based decision-making. The framework
can be deployed as a lightweight overlay to existing digital
infrastructure (such as LMS, intranets, or institutional knowledge
bases) with minimal integration overhead. As such, SCF+ASOS
presents a scalable and operationally feasible tool for academic
institutions seeking to foster structured, transparent, and efficient

interdisciplinary engagement.

6 Conclusion and future work

This study addresses the challenge of advancing Named
Entity Recognition (NER) within the context of Interprofessional
Collaboration (IPC) and education, where dynamic and context-
sensitive scenarios demand novel approaches. Traditional NER
methods, such as rule-based systems and machine learning models,
have shown limited adaptability to the evolving terminologies
and interdisciplinary communication dynamics inherent in IPC.
To overcome these limitations, we introduce the Synergistic
Collaboration Framework (SCF) combined with the Adaptive
Synergy Optimization Strategy (ASOS). SCF models IPC as a
dynamic multi-agent system, where disciplines are represented as
intelligent agents operating within a weighted graph structure,
dynamically contributing to the collaborative process to optimize
global utility. ASOS further enhances the framework through real-
time feedback loops, conflict resolution algorithms, and resource
reallocation strategies. Our experimental evaluations demonstrated
that this integrated approach significantly improves NER accuracy,
conflict mitigation, and overall collaboration efficiency compared
to baseline methods, thus underscoring the potential of SCF and
ASOS in scalable, real-world IPC applications.

Despite its promising outcomes, two limitations must be
addressed. First, while the SCF framework shows significant
improvements in adaptability and scalability, the reliance on
weighted graph structures and agent interactions may pose
computational challenges as the complexity of the collaboration
increases. Optimization of computational efficiency without
compromising system performance remains a critical area for
further exploration. Second, the success of ASOS heavily depends
on the quality and timeliness of real-time feedback loops,
which may be challenging to maintain in resource-constrained
environments or when data streams are delayed. Future research
should focus on developing more robust and lightweight
algorithms to ensure system resilience in such scenarios. Extending
the framework to accommodate domain-specific customizations
and integrating advanced natural language understanding models
could further enhance the applicability and performance of NER in
IPC and education.
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