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A B S T R A C T
Patient reviews offer valuable insights into patients’ experiences and perceptions of healthcare
services. However, sentiment analysis of these reviews remains challenging due to limited classi-
fication granularity, high annotation demands, and the suboptimal performance of existing Aspect-
Based Sentiment Analysis (ABSA) methods. These constraints hinder the precise identification of
clinical departments in need of improvement and limit the fine-grained understanding of patients’
dissatisfaction and expectations, thereby restricting targeted healthcare management. To overcome
these challenges, we propose a Hierarchical Aspect-Based Sentiment Analysis (H-ABSA) framework
tailored to healthcare contexts. H-ABSA introduces a clinically-informed hierarchical labeling system
comprising five primary aspects and twelve secondary sub-aspects, enabling multi-level sentiment
analysis from both semantic and clinical perspectives. Furthermore, we develop a Multi-task Spe-
cialized Expert Model (MuSEM) that coordinates multiple Expert Models (EM) via a training-free
directed routing mechanism. To enhance cross-task semantic understanding and feature sharing,
MuSEM integrates Dual and Triple Cross-Attention (DCA and TCA) modules. Experimental results
demonstrate that our approach notably improves both model performance and sentiment granularity. It
achieves micro and macro 𝐹1 scores of 0.82 and 0.81, respectively, in end-to-end (E2E) ABSA tasks.
This work establishes a practical and extensible framework for consumer-oriented feedback analysis,
offering meaningful implications for data-driven healthcare management.

1. Introduction1

Affective computing and sentiment analysis have made2

significant progress with the advancement of Deep Learning3

(DL), leading to an increasing number of applications across4

various fields [1], [2], [3], [4]. In healthcare, sentiment anal-5

ysis emerged as a critical tool for processing patient reviews6

to extract actionable insights [5], [6]. For the consumer,7

this means their voice is not just heard, but systematically8

utilized to refine the very care they depend on. However,9

traditional ABSA methods, while effective in general do-10

mains, exhibit significant limitations in healthcare contexts.11

A key issue is that a single sentence may contain different12

sentiment subjects and outcomes, making a single label13

insufficient to capture the emotional nuance of the text [7].14

For example, in the comment “The doctors are very patient,15

but the hospital has long waiting times,” sentiments towards16

the particular type of staff (i.e., “doctors”) and the medical17

institution (i.e., “hospital”) are opposite. ABSA enables the18

division of text into distinct aspects for separate analysis [8].19

On the other hand, the prevailing barrier to clinical20

applicability is the insufficient granularity of current ABSA21
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approaches. Classifying sentiments only under broad aspect 22

categories, such as “doctors” or “hospitals,” fails to capture 23

the multifaceted nature of patient experiences, which may 24

pertain to clinician demeanor, treatment efficacy, facility 25

cleanliness, or administrative processes [9]. This lack of 26

details presents a major obstacle for healthcare management, 27

as it prevents institutions from identifying specific areas for 28

quality improvement, optimizing resource allocation, and 29

ultimately enhancing patient satisfaction and care outcomes 30

[6]. Moreover, attempts to expand the number of aspects 31

significantly raise the complexity of ABSA and reduce accu- 32

racy [10]. These challenges are compounded by the complex 33

clinical semantics and specialized terminology in healthcare 34

reviews, which existing ABSA frameworks struggle to ad- 35

dress. 36

The evolution of ABSA methods reflects these diffi- 37

culties. Before the development of DL, machine learning 38

approaches required extensive annotated data and multiple 39

classifiers [11], [12]. The advent of DL and transformer- 40

based models like BERT improved performance [13], [14], 41

but subsequent enhancements eventually faced limits due 42

to data scarcity [15], [16]. The emergence of Large Lan- 43

guage Models (LLMs) has offered new solutions [17], [18], 44

[19]; however, they still struggle with complex ABSA tasks 45

[7] and raise privacy concerns when handling sensitive 46

data, such as patient reviews [20]. This is because high- 47

performance LLMs are typically proprietary and run on 48
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the infrastructure of the companies that own them, where49

data must be sent to [21]. While open-source LLMs can be50

deployed locally to address data privacy concerns [22], their51

computational demands are high, with smaller, more deploy-52

able LLMs (sLLM, fewer than 10B parameters) exhibiting53

lower accuracy [23], [24]. Therefore, exploring approaches54

that leverage sLLMs for complex problems remains a valu-55

able research challenge [25]. To address these issues, re-56

searchers have proposed mixture expert models [26] and57

multi-LLM collaboration frameworks [27], [28]. Addition-58

ally, decomposing ABSA into sequential tasks, such as As-59

pect Category Detection (ACD) and Aspect Category Senti-60

ment Analysis (ACSA), has been shown to improve accuracy61

[29]. Building on these advances, we propose a hierarchical62

ABSA framework tailored for healthcare, which constructs63

a multi-level sentiment classification system comprising five64

primary aspects and twelve sub-aspects. This enables fine-65

grained analysis aligned with clinical needs.66

We further introduce the MuSEM, which decomposes67

ABSA into four sub-tasks: ACD-1, ACD-2, ACSA, and68

Intent Recognition (IR). Each sub-task is handled by a spe-69

cialized EM fine-tuned using the Weight-Decomposed Low-70

Rank Adaptation (DoRA) method [30] and trained on our71

newly developed L3000 dataset (extended from LRS500 [31]).72

The MuSEM framework uses a specialized routing mech-73

anism to pass features between experts, employing cross-74

task attention DCA and TCA for comprehensive reason-75

ing. This reduces router parameters and improves efficiency76

compared to traditional Mixture-of-Experts (MoE) frame-77

works. Experimental results demonstrate that our approach78

significantly outperforms task-specific ABSA baselines and79

achieves a favorable performance–privacy–deployability80

trade-off compared with closed-source LLMs. After apply-81

ing H-ABSA and MuSEM, 𝐹1𝑚𝑖𝑐𝑟𝑜 increased by 34.7%82

and 𝐹1𝑚𝑎𝑐𝑟𝑜 by 50.2% compared to baseline sLLMs. Abla-83

tion experiments confirm the effectiveness of few-shot and84

Chain-of-Thought (CoT) methods in our framework [32].85

The main contributions of this work are summarized as86

follows:87

• We propose a novel paradigm for healthcare ABSA by88

introducing a universal multi-sLLM framework, which89

reuses and orchestrates existing models through a system-90

atic screening–fine-tuning–collaboration pipeline. This91

design eliminates the need for repeatedly training large92

models from scratch and significantly reduces computa-93

tional cost.94

• We design a hierarchical and clinically-grounded aspect95

taxonomy for H-ABSA, enabling fine-grained and inter-96

pretable modeling of patient reviews. Compared with ex-97

isting coarse-grained schemes, our framework provides a98

more structured and clinically meaningful representation.99

• We develop MuSEM, a multi-expert collaborative frame-100

work that dynamically integrates expert models via spe-101

cialized routing and cross-task knowledge sharing. This102

design improves performance while maintaining efficient103

memory usage.104

• Extensive experiments on multiple datasets demonstrate 105

that our approach consistently outperforms task-specific 106

ABSA baselines while maintaining practical efficiency, 107

stability, and generalization ability. 108

2. Literature Review 109

Sentiment analysis represents a fundamental task within 110

Natural Language Processing (NLP), with extensive appli- 111

cations across diverse domains [33], [19], [34]. Traditional 112

machine learning approaches typically formulate sentiment 113

analysis as a supervised text classification problem, learning 114

complex mappings between linguistic features and senti- 115

ment polarity through annotated corpora. These models can 116

recognize intricate linguistic phenomena such as context 117

dependency, negation, and irony, though their performance 118

is often constrained by feature engineering limitations [35]. 119

The advent of deep learning has significantly advanced the 120

capabilities of sentiment analysis. Recurrent Neural Net- 121

works (RNNs) and their variants, particularly Long Short- 122

term Memory (LSTM) networks, demonstrated improved 123

performance in capturing sequential dependencies in text 124

[36]. Subsequent research introduced attention mechanisms 125

to focus on sentiment-relevant portions of text, further en- 126

hancing model interpretability and accuracy [37]. More re- 127

cently, transformer-based architectures have revolutionized 128

the field, with models like BERT achieving state-of-the- 129

art results across multiple sentiment analysis benchmarks 130

[38]. The practical significance of these advancements lies 131

in their ability to bridge the gap between consumer feedback 132

and service optimization [6]. By accurately capturing the 133

nuances of patient experiences, healthcare providers can 134

identify systemic issues and service gaps in real-time [18]. 135

Online reviews and consumer-generated feedback have 136

become critical information sources for enterprises to gain 137

insights into market demand and improve products and ser- 138

vices, playing a vital role in understanding consumer sen- 139

timents, identifying key requirement shifts, and supporting 140

data-driven decision-making [39], [34]. In this context, prior 141

studies have developed dynamic customer requirement mod- 142

els based on Bidirectional LSTM and related approaches, 143

integrating sentiment analysis to characterize the evolution- 144

ary patterns of consumer requirements [39]. Meanwhile, 145

other research has incorporated models such as Multi-Layer 146

Perceptron (MLP) and CRITIC to achieve quantitative con- 147

sumer requirement modeling and risk assessment[34]. 148

Within the healthcare domain, sentiment analysis 149

presents unique challenges that distinguish it from general- 150

domain applications. Patient reviews often contain com- 151

plex clinical terminology, implicit sentiment expressions, 152

and nuanced emotional states that require domain-specific 153

understanding [40]. Existing healthcare sentiment analysis 154

approaches primarily focus on document-level or sentence- 155

level sentiment classification, lacking the granularity needed 156

for actionable clinical insights [41]. While some studies 157

have explored aspect-based approaches in healthcare con- 158

texts, they typically employ coarse-grained sentiment labels 159
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that fail to capture the multidimensional nature of patient160

experiences [18]. Multi-task learning has gained increasing161

attention in sentiment analysis, with frameworks that jointly162

optimize related tasks to improve overall performance [42].163

Recent approaches have explored hierarchical task decom-164

position, where complex sentiment analysis is broken down165

into specialized subtasks [8].166

Recent studies have explored several advanced167

paradigms for medical ABSA, including prompt-based168

learning [18], knowledge-enhanced methods [43], and169

multi-modal approaches [44]. Prompt-based methods170

leverage large language models by designing task-specific171

prompts to guide the model in extracting aspect-level172

sentiment information [18]. These approaches benefit173

from the strong generalization ability of LLMs and can174

reduce the need for task-specific fine-tuning. However,175

their performance is often sensitive to prompt design and176

may lack stability across domains. Knowledge-enhanced177

methods incorporate external medical knowledge, such as178

clinical ontologies or domain-specific knowledge graphs,179

to improve semantic understanding and representation180

learning. By integrating structured knowledge, these181

methods can better capture domain-specific relationships182

and terminology [43]. Nevertheless, they typically rely on183

the availability and quality of external knowledge resources,184

which may limit scalability and increase system complexity.185

Multimodal approaches further extend ABSA by integrating186

heterogeneous data sources [44], such as textual reviews,187

medical images, and structured clinical data. These methods188

aim to provide a more comprehensive understanding of189

patient feedback by combining complementary modalities.190

Despite their effectiveness, multimodal models often require191

additional data alignment and incur higher computational192

and implementation costs. However, these methods often193

rely on resource-intensive model training and lack efficient194

mechanisms for cross-task feature sharing, limiting their195

practical deployment in healthcare settings.196

The emerging field of lightweight language model197

collaboration offers promising directions for resource-198

constrained environments. Techniques such as model dis-199

tillation and expert routing have demonstrated effectiveness200

in maintaining high performance while reducing computa-201

tional requirements [45]. However, these approaches have202

not been systematically adapted to address the specific chal-203

lenges of healthcare sentiment analysis, particularly in terms204

of hierarchical sentiment classification and cross-task se-205

mantic understanding. Our work bridges these research gaps206

by introducing H-ABSA, a hierarchical sentiment classifica-207

tion framework specifically designed for healthcare contexts,208

and MuSEM, a novel multi-task EM framework that effi-209

ciently coordinates specialized lightweight models through210

specialized routing and cross-task attention mechanisms.211

Unlike conventional Mixture-of-Experts (MoE) frame-212

works that rely on probabilistic or learned gating functions,213

our MuSEM introduces a deterministic Specialized Routing214

Mechanism that eliminates the need for additional router215

training. This design not only prevents routing errors caused216

by suboptimal gating weights but also enables seamless 217

feature reuse across subtasks through the DCA and TCA 218

modules. In contrast to prior multi-LLM collaboration stud- 219

ies [26], [27], [28], our approach provides a mathemati- 220

cally grounded mechanism for task-level information shar- 221

ing without increasing model parameters. In conclusion, our 222

framework addresses both the granularity requirements of 223

clinical sentiment analysis and the practical constraints of 224

healthcare deployment environments. 225

3. Methods 226

In this section, we introduce the proposed framework, 227

including the hierarchical aspect taxonomy and the MuSEM 228

architecture. We first describe the overall design, followed 229

by detailed explanations of each component. 230

3.1. Data 231

RateMDs1 is one of the most influential medical re- 232

view websites in Canada and the United States. It allows 233

patients to review any healthcare provider, aiming to reduce 234

information asymmetry between patients and providers by 235

sharing patient experiences and helping the public make 236

more informed healthcare choices. Since its creation in 237

2004, the platform has collected over three million patient 238

reviews. Due to its valuable research potential, numerous 239

researchers have conducted study using RateMDs data, [46]. 240

In this study, we conducted an ABSA analysis using only 241

patient review content. Our data originated from an open- 242

source RateMDs dataset2 shared by a researcher who pre- 243

viously analyzed whether online healthcare reviews exhibit 244

bias against female healthcare providers [47]. This study 245

compared ratings and linguistic features between male and 246

female physicians using statistical regression and neural 247

network embedding models [47]. The dataset contains over 248

30,000 patient reviews from evaluations of various hospitals 249

and physicians. 250

3.2. ABSA problem definition 251

Traditional ABSA systems handle the sentiments of pa- 252

tient feedback too broadly, making it difficult for healthcare 253

units to implement targeted improvements based on such 254

coarse classifications. To better illustrate the issues of ex- 255

isting ABSA methods, we can have a look at the example 256

shown in Figure 1. When classifying feedback based on 257

physician-related sentiments, Patient 1 expressed dissatis- 258

faction with the doctor’s attitude, while Patients 2 and 3 259

were dissatisfied with the doctor’s medical skills. However, 260

both the first classification method [48] and the second 261

classification method [49] grouped all three patients into the 262

same aspect category related to a doctor. 263

In actual healthcare management, these three cases re- 264

quire distinct handling approaches. If poor physician atti- 265

tude recurs (Patient 1), in-depth communication and service 266

training should be provided to address the issue. If treatment 267

1https://www.ratemds.com
2Open-source dataset available at: https://github.com/avi-otterai/

RateMDs
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Li et al. [18]

Patient 1

Patient 2

Patient 3

Infrastructure 
and administration

Physician skills and 
efficiency

Infrastructure 
and administration

None

Cleanliness

Test and

Doctor

Doctor

Clinical 
Atmosphere

The doctor's medical skills were poor, 
the gastroscopy was very painful. The 
hospital facilities are outdated.

The doctor had a terrible attitude, and 
the hospital floor signage directions 
are very unclear and the layout is 
poorly designed.  

The doctor's medical skills were poor 
the treatment wasn't effective and the 
hospital hygiene is poor.

Afrashtehfar et al. [48] Setiawan et al. [49]

How can we differentiate the aspects of patient dissatisfaction in detailed?

Patient 
Experience

Physician skills and 
efficiency

Infrastructure 
and administration

Patient Reviews Example

Examination

None

Clinical 
Atmosphere

Care Outcome

Clinical 
Atmosphere

Care Outcome

Doctor

Figure 1: Existing classification of sentiment aspects in patient reviews using ABSA and their limitations.

A. Clinical Quality 
of Care

B. Patient-Provider 
Communication

C. Access to Care D. Facility 
Environment

E. Cost Transparency 
and Affordability

Patient Review

ACD-1 Task

5. Empathy and Emotional Support

6. Clarity and Efficiency of Communication

7. Timely Access to Appointments 

8. Convenience of Location

9. Environment and Public Facilities

10. Adequacy of Medical Equipment

11. Privacy Protections and Safety Measures

12. Out-of-Pocket Cost Clarity

ACD-2 Task

Our H-ABSA Labelling Schema

Existing ABSA Labelling Schema 1 [48] Existing ABSA Labelling Schema 2 [18]
1. Clinical Atmosphere 

3. Treatment Process  

2. Care Outcome

4. Cost

1. Patient Experience 2. Physician Skills and Efficiency

3. Infrastructure and Administration

1. Diagnostic Accuracy

2. Treatment Effectiveness

3. Safety and Adverse Events

4. Patient Experience During Procedures

Figure 2: Hierarchical ABSA and Labelling Schema for Patient Reviews.

ineffectiveness persists (Patient 2), training and assessment268

on therapeutic medication should be implemented. If non-269

standard testing procedures occur repeatedly (Patient 3),270

training and assessment on laboratory workflow protocols271

should be conducted. Thus, overly simplistic ABSA classifi-272

cation standards prove inadequate for facilitating improve-273

ments by healthcare administrators. Moreover, the second274

classification correctly identifies the aspects “Cleanliness”275

and “Test and Examination”. However, it does not include a276

category corresponding to floor guidance and planning, so277

this aspect is labeled as <none>. Finally, although the third278

classification [18] distinguishes between physician attitudes279

and medical skills, it groups floor guidance, poor hygiene,280

and outdated facilities into a single category, making dif-281

ferentiation impossible. In summary, while the aforemen-282

tioned ABSA methods represent improvements over tradi-283

tional classification approaches, they remain too simplistic284

for practical application in clinical and real-world health- 285

care settings. To address the issue of insufficient aspect 286

granularity, we propose a multi-level hierarchical frame- 287

work, as illustrated in Figure 2 and summarized in Table 1. 288

Specifically, all patient review aspects are organized into five 289

primary categories: 290

A. Clinical Quality of Care [50], 291

B. Patient–Provider Communication [51], 292

C. Access to Care [52], 293

D. Facility Environment [53], and 294

E. Cost Transparency and Affordability [54]. 295

Each primary aspect is further decomposed into a set of 296

clinically meaningful sub-aspects, as detailed below. 297
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Table 1
Hierarchical aspect scheme with clinical interpretation.

Primary Aspect Sub-aspect Clinical Interpretation
A Clinical Quality of Care A.1 Diagnostic Accuracy Reflects the correctness of diagnosis and

clinical judgment
A.2 Treatment Effectiveness Indicates whether medical interventions

achieve expected outcomes
A.3 Safety and Adverse Events Captures potential risks, complications,

and side effects during treatment
A.4 Patient Experience During Procedures Reflects patient comfort and experience

throughout clinical procedures

B Patient–Provider Communication B.5 Empathy and Emotional Support Represents emotional care and psychologi-
cal support provided by clinicians

B.6 Clarity and Efficiency of Communication Reflects the clarity and effectiveness of
information delivery

C Access to Care C.7 Timely Access to Appointments Indicates waiting time and availability of
medical services

C.8 Convenience of Location Reflects accessibility and geographical con-
venience of healthcare services

D Facility Environment D.9 Environment and Public Facilities Represents cleanliness and comfort of
healthcare environments

D.10 Adequacy of Medical Equipment Reflects availability and quality of medical
equipment

D.11 Privacy Protections and Safety Measures Indicates protection of patient privacy and
safety standards

E Cost Transparency and Affordability E.12 Out-of-Pocket Cost Clarity Reflects transparency and reasonableness
of medical expenses

Category A: Clinical Quality of Care. This category298

reflects the core dimension of healthcare delivery, includ-299

ing clinical effectiveness, safety, and patient experience. It300

consists of:301

1. Diagnostic Accuracy [55],302

2. Treatment Effectiveness [56, 57],303

3. Safety and Adverse Events [58, 59], and304

4. Patient Experience During Procedures [60].305

Category B: Patient–Provider Communication. This cat-306

egory captures the interpersonal and informational aspects307

of care, emphasizing trust and effective communication. It308

includes:309

5. Empathy and Emotional Support [61], and310

6. Clarity and Efficiency of Communication [62].311

Category C: Access to Care. This category focuses on312

healthcare accessibility from an organizational perspective,313

including temporal and spatial accessibility. It includes:314

7. Timely Access to Appointments [63, 64], and315

8. Convenience of Location [65].316

Category D: Facility Environment. This category reflects317

the physical and institutional environment that shapes pa-318

tient experience and perception. It consists of:319

9. Environment and Public Facilities [66],320

10. Adequacy of Medical Equipment [67], and321

11. Privacy Protections and Safety Measures [68].322

Category E: Cost Transparency and Affordability. This323

category addresses financial clarity and economic accessi-324

bility of healthcare. It includes:325

12. Out-of-Pocket Cost Clarity [69]. 326

In addition to aspect categorization, we further introduce 327

an intent recognition (IR) layer to capture the underlying 328

motivations of patient reviews, as shown in Figure 3. This 329

layer consists of three categories: complaints and grievances 330

(C&G), initiatives and suggestions (I&S), and confusion and 331

inquiries (C&I) [70, 71, 72]. 332

On the other hand, in order to validate the proposed as- 333

pect hierarchy, we conducted an expert evaluation involving 334

ten licensed physicians with clinical experience. The experts 335

were recruited from multiple tertiary hospitals, including 336

West China Hospital of Sichuan University, The First Af- 337

filiated Hospital of Sun Yat-sen University, and Shenzhen 338

People’s Hospital, ensuring diverse clinical perspectives. 339

Each expert independently assessed the rationality and clin- 340

ical relevance of both primary and sub-aspects using a 5- 341

point Likert scale. As shown in Table 2, all aspects achieved 342

satisfactory scores, indicating that the proposed taxonomy is 343

well-aligned with real-world medical analysis requirements. 344

The inter-rater agreement, measured by Fleiss’ kappa, ranges 345

from 0.75 to 0.84, demonstrating substantial agreement 346

among experts. These results confirm that the constructed 347

aspect hierarchy is both clinically meaningful and reliable, 348

and can effectively support downstream medical text analy- 349

sis tasks. 350
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Input ACD-1

Output

patient reviews

ACSAIR Task3

Task1

visit a doctor

patient review example: This doctor will take your money 
and write you a script, but after that you're on your own. My 
knee pain remains unaddressed. Honestly, the only thing this 
place has going for it is the easy parking. Avoid at all cost!  

patient review example: This doctor will take your
money and write you a script, but after that you're on
your own. <B.5> <B.6> My knee pain remains
unaddressed. <A.2> Honestly, the only thing this place
has going for it is the easy parking.<C.8> Avoid at all cost!
<none>

patient review example: This doctor will take your
money and write you a script, but after that you're on
your own. <B.5/Neg> <B.6/Neg> My knee pain remains
unaddressed. <A.2/Neg> Honestly, the only thing this
place has going for it is the easy parking.<C.8/Pos>
Avoid at all cost! <none/Neg>

patient review example: This doctor will take your money
and write you a script, but after that you're on your own.
<B.5/Neg> <B.6Neg> My knee pain remains unaddressed.
<A.2/Neg> Honestly, the only thing this place has going
for it is the easy parking.<D.1/Pos> Avoid at all cost!
<none/Neg>

patient review example: This doctor will take your money
and write you a script, but after that you're on your own.
<B.5/Neg/C&G> <B.6/Neg/C&G> My knee pain remains
unaddressed. <A.2/Neg/C&G> Honestly, the only thing this
place has going for it is the easy parking.<C.8/Pos/none>
Avoid at all cost! <none/Neg/C&G>

<B.5/Neg/C&G>  
<B.6/Neg/C&G>  
<A.2/Neg/C&G>
<C.8/Pos/none>

<none/Neg/C&G>

C. Access to Care
7. Timely Access to Appointments 
8. Convenience of Location 

D. Facility Environment
9. Environment and public facilities
10. Adequacy of Medical Equipment 
11. Privacy Protections and Safety Measure

E. Cost Transparency and Affordability
12.Out-of-Pocket Cost Clarity

A. Clinical Quality of Care
1. Diagnostic Accuracy  
2. Treatment Effectiveness  
3. Safety and Adverse Events   
4. Patient Experience During 
Procedures

B. Patient-Provider Communication
5. Empathy and Emotional Support 
6. Clarity and Efficiency of Communication 

ACD-2

patient review example: This doctor will take your
money and write you a script, but after that you're on
your own. <B> My knee pain remains unaddressed. <A>
Honestly, the only thing this place has going for it is the
easy parking.<C> Avoid at all cost! <none>

patient review example: This doctor will take your
money and write you a script, but after that you're on
your own. <B.5> <B.6> My knee pain remains
unaddressed. <A.2> Honestly, the only thing this place
has going for it is the easy parking.<C.8> Avoid at all
cost! <none>

patient review example: This doctor will take your
money and write you a script, but after that you're on
your own. <B> My knee pain remains unaddressed. <A>
Honestly, the only thing this place has going for it is the
easy parking.<C> Avoid at all cost! <none>

patient review example: This doctor will take your
money and write you a script, but after that you're on
your own. My knee pain remains unaddressed. Honestly,
the only thing this place has going for it is the easy
parking. Avoid at all cost!

Task2

patient review example: This doctor will take your money 
and write you a script, but after that you're on your own.
<B.5/Neg/C&G>  <B.6/Neg/C&G> My knee pain remains 
unaddressed. <A.2/Neg/C&G> Honestly, the only thing this 
place has going for it is the easy parking. <D.9/Pos/none> 
Avoid at all cost!  <none/Neg/C&G>

Send to the relevant personnel 

compile 
statistics

IR Label

1. complaints and grievances (C&G)

2. initiatives and suggestions (I&S) 

3. confusion and inquiries(C&I)

ACD Label

Figure 3: Flowchart of the proposed H-ABSA and associated label annotations.

Table 2
Doctor evaluation of the proposed aspect hierarchy.

Aspect ID Score 𝜅
Clinical Quality of Care A 4.7 0.84
Diagnostic Accuracy A.1 4.5 0.83
Treatment Effectiveness A.2 4.6 0.83
Safety and Adverse Events A.3 4.4 0.79
Patient Experience During Procedures A.4 4.5 0.80

Patient–Provider Communication B 4.6 0.83
Empathy and Emotional Support B.5 4.4 0.78
Clarity and Efficiency of Communication B.6 4.3 0.78

Access to Care C 4.5 0.80
Timely Access to Appointments C.7 4.4 0.80
Convenience of Location C.8 4.1 0.78

Facility Environment D 4.3 0.78
Environment and Public Facilities D.9 4.2 0.77
Adequacy of Medical Equipment D.10 4.0 0.75
Privacy Protections and Safety Measures D.11 4.2 0.78

Cost Transparency and Affordability E 4.3 0.76
Out-of-Pocket Cost Clarity E.12 4.3 0.77

3.3. Hierarchical aspect-based sentiment analysis351

(H-ABSA)352

To address the aforementioned issues and improve upon353

the limitations of previous ABSA research, the overall354

framework of our proposed H-ABSA is illustrated in the355

lower portion of Figure 3. Upon acquiring patient review356

data, this serves as the input to our framework, subsequently357

entering Task I. This task involves the first round of labeling358

within the ACD component, aiming to identify the primary 359

aspect category from the five major aspects (A, B, C, D, E) 360

outlined above. As illustrated in the Task I section below, 361

our model classifies the first sentence of a patient review, 362

“This doctor will take your money and write you a script, 363

but after that you’re on your own,” and tags it with <B>, 364

indicating that the model categorizes this sentence under “B. 365

Patient-provider Communication” within the 5 major aspect 366

categories. Subsequently, the model applies this labeling 367

process to each sentence. If a sentence corresponds to multi- 368

ple major aspects, the model assigns multiple labels to it. If a 369

sentence does not fall within any category, the model labels 370

it as <none>. The process then proceeds to Task II within 371

the framework. Task II primarily performs a second round 372

of detailed ACD categories, applying more granular labels 373

based on the tags from the previous round. For example, 374

the first sentence from the patient review receives the labels 375

<B.5>and <B.6>in Task II. This indicates that the model 376

identifies two aspects: “B.5 Empathy and Emotional Sup- 377

port” and “B.6 Clarity and Efficiency of Communication.” 378

After completing the two-layer ACD process, the frame- 379

work proceeds to Task III, which consists of two parts. The 380

first part is ACSA, where the sentences with their assigned 381

ACD labels undergo sentiment analysis to receive senti- 382

ment tags <Pos>or <Neg>, indicating whether the model 383

perceives the sentence as positive or negative. The second 384

part of Task III is our additional IR feature. It identifies 385

the intent behind each patient statement to help us meet 386

patient expectations. For example, the first patient comment 387

in this section is labeled <C&G>, indicating that the model 388

perceives the intent as complaints and grievances. Finally, 389

our framework aggregates all labels for statistical analysis 390
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Figure 4: The screening and fine-tuning process of EM.

and distribution to relevant personnel, facilitating big data-391

driven healthcare quality management and monitoring.392

To further illustrate the workflow of the proposed frame-393

work, we provide a real example below.394

Input: “This doctor will take your money and395

write you a script, but after that you’re on your396

own. My knee pain remains unaddressed. Hon-397

estly, the only thing this place has going for it is398

the easy parking. Avoid at all cost!”399

Output: <B.5/Neg/C&G> <B.6/Neg/C&G>400

<A.2/Neg/C&G>401

<C.8/Pos/none>402

<none/Neg/C&G>403

This example demonstrates how the proposed H-ABSA404

framework decomposes a patient review into hierarchical405

aspect categories, sentiment polarity, and intent labels in a406

step-by-step manner.407

3.4. Multi-task Fine-tuning408

Multiple studies indicate that LLMs have limited ca-409

pabilities for handling complex tasks [73], and fine-tuning410

serves as an effective and cost-effective optimization ap-411

proach [74], [75]. Therefore, for this task, we developed412

a multi-task, multi-expert training scheme tailored to its413

multi-task nature, ensuring each EM achieves outstanding414

performance on its specific task. Due to the immense dif-415

ficulty of labeling this complex, multi-label task, we were416

unable to complete annotation for a large-scale fine-tuning417

dataset. Through the collaborative efforts of our annotation418

team, we successfully annotated 1,000 fine-tuning training419

examples, 400 test sets and 400 validation sets. Annotation420

was performed by teams of two: one annotator held a Ph.D.421

in Data Science, and the other was a clinician at First Af-422

filiated Hospital of Sun Yat-sen University. The annotators423

worked independently and were blinded to each other’s la-424

bels. Disagreements were adjudicated by a third expert from425

the Shenzhen People’s Hospital. Since two annotators are426

involved, agreement is measured using Cohen’s kappa (𝜅 =427

0.83). The results indicate substantial agreement, demon-428

strating the reliability of the annotation process. However,429

Hellwig et al. (2025) proposed the LRS500 method, which 430

leverages LLMs and a low-resource annotated training set 431

(500 examples) to generate new examples that are several 432

times the number of original training examples [31]. Results 433

showed that this approach outperformed training directly on 434

the original annotated dataset. Building upon this research, 435

we adopted the same experimental setup as the original study 436

and proposed LRS1000. This approach uses a 1000-example 437

annotated dataset as the foundation, instructing the LLM to 438

generate an additional 3,000 training examples (L3000). As a 439

result, our dataset is expanded from 1,000 to 4,000 examples. 440

The combined 4,000-example dataset is then used for expert 441

fine-tuning, thus minimizing the issue of insufficient fine- 442

tuning data. Specifically, we first used a human-annotated 443

dataset of 1,000 examples (H1000). Similar to the original 444

method, we randomly selected 50 examples from the 1,000- 445

example dataset as Few-shot examples. We then provided 446

the LLM with a complete answer template specifying the 447

required aspects of the training examples, such as category 448

and sentiment labels. The specific prompt is shown in the 449

supplementary materials. 450

On the other hand, current smaller LLMs often exceed 5 451

billion parameters. Employing Full Fine-Tuning (FT) strate- 452

gies thus demands substantial computational resources and 453

time. In 2021, Microsoft introduced Low-Rank Adaptation 454

(LoRA), a novel fine-tuning method for LLMs [76]. It ef- 455

fectively enhances model performance by updating only a 456

small fraction of parameters, reducing computational re- 457

quirements by over 10,000 times compared to FT. LoRA im- 458

proves model performance by updating only a small fraction 459

of parameters, reducing computational cost by over 10,000 460

times compared to FT. The key idea is to decompose the 461

weight matrix into two low-rank matrices and perform up- 462

dates only on these, avoiding full weight updates. However, 463

LoRA has certain limitations, specifically: 464

1. Mapping high-dimensional weights to low-rank ma- 465

trices may lead to the loss of information or fine- 466

grained emotional features, which can reduce the 467

model’s capability in handling complex ABSA tasks. 468

2. It does not adjust the magnitude of weights, which 469

may prevent the model from fully adapting to the data 470
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distribution in complex ABSA tasks, thereby affecting471

performance.472

To more clearly elucidate the limitations of LoRA in473

the ABSA task, we analyze its forward computation through474

Equation (1). In LoRA, matrix 𝐴 is typically initialized475

from a random Gaussian distribution, while matrix 𝐵 is476

initialized as a zero matrix, ensuring that the low-rank update477

Δ𝑊 = 𝐵𝐴 is initially zero and consistent with the pre-478

trained weights 𝑊0. During the forward pass, both 𝑊0 and479

Δ𝑊 are applied to the input vector 𝑥, and their outputs480

combined:481

𝑓 (𝑥) = 𝑊0𝑥 + Δ𝑊 𝑥 = 𝑊0𝑥 + 𝛼
𝑟
𝐵𝐴𝑥. (1)

This equation reveals two key limitations of LoRA.482

The low-rank decomposition may miss fine-grained or task-483

specific patterns in 𝑥, and the fixed scaling 𝛼∕𝑟 limits the484

magnitude of Δ𝑊 𝑥, constraining adaptation to complex485

ABSA data. Therefore, we employ DoRA for fine-tuning486

[30]. Its core idea involves decomposing weights into magni-487

tude and direction components, followed by utilizing LoRA488

to fine-tune the direction matrix. This approach enables more489

flexible control over the matrix update direction, aligning490

more closely with the principles of full fine-tuning (FT).491

Specifically, as shown in Equation (2) and Equation (3),492

DoRA decomposes the pre-trained weights 𝑊 ∈ ℝ𝑑×𝑘 into493

a trainable magnitude vector 𝑚 ∈ ℝ1×𝑘 and a direction494

matrix 𝑉 ∈ ℝ𝑑×𝑘, where ⊙ denotes column-wise scaling,495

and ‖𝑉 ‖𝑐 represents the vector of column 𝐿2-norms:496

𝑊 = 𝑚 ⊙ 𝑉
‖𝑉 ‖𝑐

, (2)

‖𝑉 ‖𝑐 = [ ‖𝑣∶,1‖2, ‖𝑣∶,2‖2,⋯ , ‖𝑣∶,𝑘‖2 ]. (3)
However, training both branches from scratch would497

make the model highly sensitive to initialization methods,498

thereby compromising training stability and final perfor-499

mance. To mitigate this issue, DoRA opts to initialize both500

components using pre-trained weights, effectively avoiding501

training fluctuations caused by suboptimal initialization. As502

shown in Equation (4), DoRA’s initialization process pro-503

ceeds as follows: First, the entire architecture is initialized504

using the pre-trained weight matrix 𝑊0. The magnitude505

component 𝑚 is initialized as the column norm of 𝑊0 (i.e.,506

𝑚 = ‖𝑊0‖𝑐), while the direction component 𝑉 is initialized507

as 𝑊0 itself. During subsequent training, 𝑉 is fixed as a non-508

trainable parameter, leaving only 𝑚 as a trainable vector.509

Directional updates are achieved through LoRA, thereby510

enhancing stability while maintaining training efficiency.511

𝑊 ′ = 𝑚 𝑉 + Δ𝑉
‖𝑉 + Δ𝑉 ‖𝑐

= 𝑚
𝑊0 + 𝐵𝐴

‖𝑊0 + 𝐵𝐴‖𝑐
, (4)

According to Equation (5), the gradient of the loss function512

𝐿 with respect to 𝑚 and 𝑉 ′ = 𝑉 + Δ𝑉 is given by:513

∇𝑉 ′ = 𝑚
‖𝑉 ′

‖𝑐

(

𝐼 − 𝑉 ′𝑉 ′T

‖𝑉 ′
‖

2
𝑐

)

∇𝑊 ′. (5)

Equation (5) indicates that after scaling by 𝑚‖𝑉 ′
‖𝑐 , the 514

projection direction of the weight gradient ∇𝑊 ′ deviates 515

from that of the current weight matrix. These two effects 516

combined cause the covariance matrix of the gradient to 517

approach the identity matrix, thereby benefiting the opti- 518

mization process. Furthermore, since 𝑉 ′ = 𝑉 +Δ𝑉 , the gra- 519

dient∇𝑉 ′ is effectively equivalent to∇Δ𝑉 . Consequently, 520

the optimization advantage gained from this decomposition 521

is fully transferred to Δ𝑉 , further enhancing the learning 522

stability of the LoRA method. In summary, our proposed 523

fine-tuning framework for the Multi-task EM is illustrated 524

in Figure 4. We first compare and select all base LLMs 525

using the Test dataset, where we employ identical prompts 526

to describe the task and provide multiple examples as few- 527

shot data for model learning. Finally, we incorporate the CoT 528

approach to enable stepwise reasoning within the model. 529

To intuitively illustrate the multi-expert fine-tuning strat- 530

egy for the H-ABSA task based on the DoRA framework, we 531

present the architectural overview in Figure 5. Specifically, 532

we propose a Multi-expert DoRA framework to efficiently 533

fine-tune the pretrained ECM backbones while minimizing 534

computational overhead. The core premise of this architec- 535

ture is the structural decoupling of the pretrained weight 536

matrix 𝑊0 ∈ ℝ𝑑×𝑘 into two orthogonal components: a 537

magnitude vector and a directional matrix. Specifically, the 538

weight decomposition process initializes the magnitude vec- 539

tor 𝑚0 ∈ ℝ1×𝑘 by computing the column-wise Euclidean 540

norm of the pretrained weights, denoted as 𝑚0 = ‖𝑊0‖𝑐 . 541

Similarly, the directional component is represented by the 542

normalized matrix 𝑉 = 𝑊0∕‖𝑊0‖𝑐 , which is located on 543

a unit hypersphere. During the training phase, the origi- 544

nal backbone parameters 𝑉 are frozen (indicated by the 545

snowflake icon) to preserve the generalized representations 546

of features learned during pretraining, while the magnitude 547

vector 𝑚0 is treated as a trainable parameter (indicated by 548

the flame icon), allowing the model to dynamically rescale 549

the importance of the features. 550

The adaptation of the directional component is achieved 551

through a residual learning strategy inspired by LoRA. 552

Instead of updating the high-dimensional direction matrix 553

directly, we introduce a low-rank incremental update Δ𝑉 , 554

parameterized by the product of two trainable matrices 𝐵 ∈ 555

ℝ𝑑×𝑟 and 𝐴 ∈ ℝ𝑟×𝑘, where the rank 𝑟 is significantly smaller 556

than the model dimensions (𝑟 ≪ 𝑑, 𝑘). The updated direction 557

is subsequently re-normalized to ensure strict directional 558

alignment, formulated as 𝑉 = (𝑉 + Δ𝑉 )∕‖𝑉 + Δ𝑉 ‖𝑐 , 559

or equivalently, 𝑉 = (𝑊0 + 𝐵𝐴)∕‖𝑊0 + 𝐵𝐴‖𝑐 . This 560

normalization step is critical as it decouples the directional 561

adjustments from magnitude changes, stabilizing the opti- 562

mization landscape. Finally, the adapted weight matrix 𝑊 ′
563

is reconstructed by merging the optimized magnitude and 564

the updated direction via a broadcasting operation 𝑊 ′ = 565

𝑚0 ⊙ 𝑉 . This decomposed adaptation mechanism enables 566

the generation of multiple task-specific weight instances 567

(e.g., 𝑊 ′
1 ,… ,𝑊 ′

4 ), facilitating versatile model performance 568

across different expectation scenarios (Expect I-IV) without 569

catastrophic forgetting. 570
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Figure 5: Multi-expert DoRA Adaptation of Multiple Pretrained ECMs for H-ABSA.

3.5. Evaluation Metrics571

During this screening phase, our evaluation metrics em-572

ploy both 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜 for comprehensive assess-573

ment, ensuring the model maintains performance across574

both high-frequency and low-frequency aspects in multi-575

classification tasks. Specifically, 𝐹1𝑚𝑖𝑐𝑟𝑜 calculates over-576

all performance by aggregating confusion matrix statistics577

across all aspects, thus emphasizing accuracy in both overall578

and high-frequency aspects. As shown in Equation (6) and579

Equation (7), where TP𝑖 denotes the number of samples with580

true label 𝑐𝑖 that are correctly predicted, FP𝑖 denotes the581

number of samples with true label non-𝑐𝑖 that are misclas-582

sified as 𝑐𝑖, and FN𝑖 denotes the number of samples with583

true label category 𝑖 that are missed by the model, we first584

compute the overall Precision and Recall for all aspects:585

Precisionmicro =
∑12

𝑖=1 TP𝑖
∑12

𝑖=1(TP𝑖 + FP𝑖)
, (6)

Recallmicro =
∑12

𝑖=1 TP𝑖
∑12

𝑖=1(TP𝑖 + FN𝑖)
. (7)

Then, as shown in Equation (8), the F1 score calculated586

through harmonic mean is referred to as 𝐹1𝑚𝑖𝑐𝑟𝑜:587

F1micro = 2 ×
Precisionmicro × Recallmicro
Precisionmicro + Recallmicro

. (8)

Unlike 𝐹1𝑚𝑖𝑐𝑟𝑜, 𝐹1𝑚𝑎𝑐𝑟𝑜 emphasizes equal contribu-588

tion across all aspects. It calculates each sentiment as-589

pect independently, thereby more accurately capturing the590

model’s performance on low-frequency aspect. As shown591

in the Equation (9) and Equation (10), Precisionmacro and 592

Recallmacro represent the averages across all aspects: 593

Precisionmacro =
∑12

𝑖=1 Precision𝑖
𝑛

, (9)

Recallmacro =
∑12

𝑖=1 Recall𝑖
𝑛

. (10)

Finally, similar to𝐹1𝑚𝑖𝑐𝑟𝑜, we can obtain the correspond- 594

ing 𝐹1𝑚𝑎𝑐𝑟𝑜 using the F1 calculation Equation: 595

𝐹1macro = 2 ⋅
Precisionmacro ⋅ Recallmacro
Precisionmacro + Recallmacro

. (11)

As shown in Figure 4, after screening the Expert Model 596

Candidate (EMC) using 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜, we fine-tuned 597

the model on the training set generated by the aforemen- 598

tioned LRS1000 and a portion of manually annotated training 599

data to obtain EM for different tasks. Additionally, for the 600

ACSA task, we designed a Three-step Implicit Sentiment 601

Reasoning (TISR) template. Given a patient comment 𝑥𝑖, the 602

reasoning process for aspect 𝑡𝑖 is as follows: 603

1. The mentioned medical entity or action is [what]; 604

2. The implicit clinical impact or sentiment is [what]; 605

3. Therefore, the final sentiment polarity is [what]. 606

As shown in Figure 7, in the patient’s first comment, 607

the model thoroughly considers the medical entities as pre- 608

scription and payment, provides its inferred implicit impact, 609

and finally completes the overall sentiment polarity aspects 610

based on the above analysis, thereby deeply mining the 611

implicit sentiment within patient comments. 612
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Figure 6: Schematic diagram of the internal structure of the MuSEM framework, illustrating the screening and fine-tuning process
of EM.

"This doctor will take your money and write you a script, but after you're in your own."

• Medical Entity: [Prescription, Payment]

• Implicit clinical impact or sentiments: [Lack of follow-up care/support potentially 
leads to improper medication use, unresolved symptoms, or worsening condition.]

• Emotion Polarity: [neg] (Strongly negative tone: feeling abandoned after payment.)

Figure 7: Thinking process diagram utilising the TISR template
in LLM.

3.6. Multi-task Specialized Expert Model613

Framework614

Previous extensive research indicates that the accuracy615

of ABSA tasks diminishes as the number of aspect cate-616

gories increases. To address the issue of low accuracy in617

multi-category ABSA, we propose a MuSEM framework.618

This framework divides our twelve-category ABSA task into619

multiple sub-tasks, with each sub-task framework corre-620

sponding to a pre-trained EM. Furthermore, different tasks621

can provide complementary feature support to one another,622

thereby enhancing the accuracy of complex ABSA tasks.623

As illustrated in Figure 6, our framework comprises three624

distinct tasks, detailed in Figure 3. Patient reviews serve625

as the initial input to the framework. In practice, each EM626

independently tokenizes and embeds its own task-specific627

input using its native tokenizer and embedding layer be-628

fore the resulting hidden representations are processed by629

the corresponding decoder blocks. Subsequent operations,630

including layer norm and masked self-attention, resemble631

those in traditional MoE frameworks.632

In MuSEM, each EM processes its task-specific input633

using its own native tokenizer, vocabulary, embedding layer,634

and decoder architecture. For Task I, EM-1 independently 635

encodes the original patient review and produces both the 636

ACD-1 prediction and its intermediate hidden-state repre- 637

sentation, which is retained as Task I Features (T1F). For 638

Task II, EM-2 encodes the Task-II input, which consists 639

of the original review together with the structured ACD- 640

1 prediction from Task I, and generates the current Task- 641

II hidden states. Similarly, for Task III, EM-3 encodes the 642

Task-III input based on the review and the structured outputs 643

from previous tasks. 644

Therefore, MuSEM does not directly feed token embed- 645

dings from EM-1 into EM-2 or EM-3, nor does it require 646

different experts to share the same tokenizer or vocabulary. 647

Cross-expert interaction is performed only at the hidden- 648

state level. Since different expert models may have different 649

native hidden dimensions and produce sequences of differ- 650

ent lengths, we introduce task-specific projection adapters 651

before applying DCA and TCA. These adapters map het- 652

erogeneous hidden-state representations into a shared latent 653

attention space, enabling dimensionally compatible cross- 654

task attention without requiring token-level alignment across 655

different expert models. This design preserves the indepen- 656

dence of each expert model while allowing Task II and 657

Task III to retrieve useful information from earlier task-level 658

representations. 659

The distinction lies in our adoption of a Specialized 660

Router (SR) within the router component. Having trained 661

distinct EM through prior experimentation, each task cor- 662

responds to a specific EM. Consequently, our SR requires 663

no additional training, solely responsible for selecting the 664

appropriate prompt according to a predefined task sequence. 665

This eliminates the need for the gating parameters used in 666

traditional MoE routers to select experts, thereby avoiding 667
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potential errors in EM selection inherent to that step. In668

summary, for Task I, our SR selects the corresponding669

Prompt-I and EM-1, subsequently yielding Task I’s output670

I. Here, Prompt-I = Prompt-ACD-1 + CoT + Few-shot.671

For further details regarding the prompt, please refer to our672

supplementary materials.673

Unlike running the three tasks as fully isolated pipelines,674

MuSEM establishes a feature-level collaboration mecha-675

nism among heterogeneous expert models. In this frame-676

work, each Expert Model (EM) independently processes its677

task-specific input using its own native tokenizer, embed-678

ding layer, and decoder architecture. The symbolic output679

produced by an earlier task is used as structured guidance680

for the subsequent task, while the intermediate hidden-state681

representation generated by that task is retained as task-level682

features for cross-task information transfer.683

Specifically, after Task I, the predicted ACD-1 labels684

provide structured aspect-level guidance for Task II. Mean-685

while, the hidden-state sequence generated by EM-1 is pre-686

served as Task I Features (T1F). These features offer coarse-687

grained aspect information and help subsequent tasks with688

aspect localisation and semantic constraint. Similarly, after689

Task II, the hidden-state sequence generated by EM-2 is690

retained as Task II Features (T2F), which provide more691

fine-grained sub-aspect information for Task III. In this692

way, MuSEM enables cross-task knowledge transfer through693

hidden-state feature sharing rather than by directly reusing694

raw token embeddings or decoder states across different695

expert models.696

Since the expert models may be initialized from different697

base models, they may have different tokenizers, vocabu-698

laries, embedding layers, hidden dimensions, and sequence699

lengths. Therefore, DCA and TCA do not operate on raw700

token embeddings from different models. Instead, cross-701

task interaction is performed only on task-level hidden rep-702

resentations after feature projection and alignment. Before703

applying DCA and TCA, the hidden representations from704

different EMs are mapped into a shared latent attention space705

through task-specific projection adapters, ensuring dimen-706

sional compatibility while avoiding the need for token-level707

alignment across heterogeneous expert models.708

Let 𝑑1, 𝑑2, and 𝑑3 denote the native hidden dimensions of709

EM-1, EM-2, and EM-3, respectively, while 𝑑𝑐 denotes the710

shared latent dimension used inside the cross-attention mod-711

ules. Before projection, the task-level representations are712

defined as T1F ∈ ℝ𝑛×𝑑1 , T2F ∈ ℝ𝑝×𝑑2 , 𝐻2 ∈ ℝ𝑚×𝑑2 , and713

𝐻3 ∈ ℝ𝑞×𝑑3 , where 𝑛, 𝑝, 𝑚, and 𝑞 denote the corresponding714

sequence lengths. Since the expert models may be initialized715

from different base models, these hidden dimensions and716

sequence lengths are not required to be identical. Before717

DCA and TCA are applied, all representations involved718

in cross-task attention are mapped into a common latent719

attention space with dimension 𝑑𝑐 .720

In our implementation, the selected EM-1, EM-2, and721

EM-3 all have a native hidden dimension of 4096 (𝑑1 =722

𝑑2 = 𝑑3 = 4096). However, although these expert models723

have the same hidden dimensionality, their representation724

spaces are not assumed to be directly aligned, since they are 725

initialized from different base models and further adapted 726

for different subtasks. Therefore, direct cross-attention over 727

their native hidden states may introduce semantic mismatch 728

and unnecessary computational cost. To address this issue, 729

we introduce task-specific projection adapters to map the 730

hidden-state representations from different experts into a 731

shared latent attention space. In our experiments, the shared 732

latent dimension is set to 𝑑𝑐 = 1024. This setting provides 733

a compact cross-expert alignment space compared with the 734

native 4096-dimensional hidden representations, reducing 735

the computational cost of DCA and TCA while retaining 736

sufficient capacity for cross-task semantic retrieval. Accord- 737

ingly, T1F ∈ ℝ𝑛×4096, T2F ∈ ℝ𝑝×4096, 𝐻2 ∈ ℝ𝑚×4096, 738

and 𝐻3 ∈ ℝ𝑞×4096 are first projected into ℝ⋅×1024 before 739

cross-attention is computed. The resulting attention outputs 740

are then projected back to the native hidden dimensions 741

of the corresponding expert models for residual fusion. 742

For notational simplicity, Equations (12)–(18) describe the 743

attention operation using a single-head formulation. In prac- 744

tice, both the native Self-Attention layers and the proposed 745

DCA module are implemented using standard multi-head 746

attention, where multiple attention heads operate in parallel 747

and their outputs are subsequently aggregated. 748

As shown in Equation 12, let Attn(𝑄,𝐾, 𝑉 ) denote the 749

standard scaled dot-product attention function computed in 750

the common latent space: 751

Attn(𝑄,𝐾, 𝑉 ) = softmax
(

𝑄𝐾T
√

𝑑𝑐

)

𝑉 , (12)

where 𝑄, 𝐾 , and 𝑉 represent the Query, Key, and Value 752

matrices, respectively, and 𝑑𝑐 is the dimensionality of the 753

projected attention space. 754

To better leverage the information generated by Task I, 755

we propose a Dual Cross-Attention (DCA) module. DCA 756

allows Task II to retrieve relevant semantic information 757

from T1F after its own masked self-attention operation. The 758

module does not modify the internal computation of Task II 759

self-attention itself. Instead, it introduces an auxiliary cross- 760

task retrieval branch, whose output is subsequently fused 761

with the original Task II representation through a residual 762

connection. In this way, Task II can incorporate coarse- 763

grained aspect information from Task I while preserving its 764

own task-specific representation learning process. 765

For the DCA module, the intermediate representation 766

𝐻2 ∈ ℝ𝑚×𝑑2 from Decoder Block II is used as the Query 767

source, while the Task I feature T1F ∈ ℝ𝑛×𝑑1 is used as 768

the Key and Value source. To align their hidden dimensions, 769

we introduce task-specific projection matrices before cross- 770

attention: 771

𝐻̃2 = LN(𝐻2𝑊
𝑄
2 ),

̃T1F𝐾 = LN(T1F𝑊 𝐾
1 ),

̃T1F𝑉 = LN(T1F𝑊 𝑉
1 ),

(13)
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(a) Self-Attention Weights
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(b) DCA Attention Weights
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Figure 8: Visualization of attention weight distributions in Self-Attention and DCA modules from the fine-tuned EM-2. (a)
Self-Attention weights (8 × 8) illustrate intra-task dependencies within the current sequence. (b) DCA attention weights (8 × 6)
illustrate cross-task semantic retrieval between query tokens from the current task and key features from T1F.

where 𝑊 𝑄
2 ∈ ℝ𝑑2×𝑑𝑐 , and 𝑊 𝐾

1 ,𝑊 𝑉
1 ∈ ℝ𝑑1×𝑑𝑐 . Therefore,772

𝐻̃2, ̃T1F𝐾 , and ̃T1F𝑉 are mapped into the same latent773

dimension 𝑑𝑐 , with shapes ℝ𝑚×𝑑𝑐 , ℝ𝑛×𝑑𝑐 , and ℝ𝑛×𝑑𝑐 , respec-774

tively. The resulting attention score matrix has shape ℝ𝑚×𝑛,775

which allows each Task II hidden-state position to softly776

retrieve information from all Task I feature positions.777

Although EM-1, EM-2, and EM-3 share the same native778

hidden dimensionality in our implementation (𝑑1 = 𝑑2 =779

𝑑3 = 4096), their representation spaces are not assumed780

to be directly aligned because the experts are initialized781

from different base models and further adapted for different782

subtasks. Therefore, each expert’s hidden representations783

are independently projected into a shared latent attention784

space with dimensionality 𝑑𝑐 = 1024 before cross-attention785

is applied. Furthermore, the sequence lengths (𝑛, 𝑝, 𝑚, 𝑞)786

may differ due to the use of heterogeneous tokenizers787

and task prompts. However, the proposed DCA and TCA788

mechanisms operate through soft semantic attention rather789

than token-level correspondence, allowing cross-task infor-790

mation retrieval without requiring aligned token positions791

across different expert models. The DCA operation is then792

defined as:793

DCA(𝐻2,T1F) = sof tmax

(

𝐻̃2( ̃T1F𝐾 )T
√

𝑑𝑐

)

̃T1F𝑉 . (14)

The output of the DCA module has the shape ℝ𝑚×𝑑𝑐 . It is794

then projected back to the native hidden dimension of EM-2795

before being added to the original representation𝐻2 through796

a residual connection:797

𝐻 ′
2 = 𝐻2 + DCA(𝐻2,T1F)𝑊 𝑂

2 , (15)
where 𝑊 𝑂

2 ∈ ℝ𝑑𝑐×𝑑2 . This output projection ensures that798

the residual fusion is dimensionally valid.799

After Task II, the symbolic ACD-2 prediction is used800

as structured sub-aspect guidance for Task III, while the801

hidden-state sequence generated by EM-2 is retained as 802

Task II Features (T2F). Task III differs from Task II because 803

it requires information from both previous stages: T1F pro- 804

vides coarse-grained primary-aspect information, whereas 805

T2F provides fine-grained sub-aspect information. There- 806

fore, we propose a Triple Cross-Attention (TCA) module 807

to jointly retrieve information from T1F and T2F. Similar 808

to DCA, TCA is applied after the masked self-attention 809

operation of Task III and its retrieved cross-task information 810

is fused with the current Task III representation through 811

residual connection. 812

For the TCA module, the current representation 𝐻3 ∈ 813

ℝ𝑞×𝑑3 is used as the Query source, while T1F ∈ ℝ𝑛×𝑑1 814

and T2F ∈ ℝ𝑝×𝑑2 are used to construct the Key and Value 815

streams. These representations are first projected into the 816

shared latent dimension 𝑑𝑐 : 817

𝐻̃3 = LN(𝐻3𝑊
𝑄
3 ),

̃T1F𝐾 = LN(T1F𝑊 𝐾
1 ),

̃T1F𝑉 = LN(T1F𝑊 𝑉
1 ),

̃T2F𝐾 = LN(T2F𝑊 𝐾
2 ),

̃T2F𝑉 = LN(T2F𝑊 𝑉
2 ),

(16)

where 𝑊 𝑄
3 ∈ ℝ𝑑3×𝑑𝑐 , 𝑊 𝐾

1 ,𝑊 𝑉
1 ∈ ℝ𝑑1×𝑑𝑐 , and 818

𝑊 𝐾
2 ,𝑊 𝑉

2 ∈ ℝ𝑑2×𝑑𝑐 . Thus, 𝐻̃3 ∈ ℝ𝑞×𝑑𝑐 , ̃T1F𝐾 , ̃T1F𝑉 ∈ 819

ℝ𝑛×𝑑𝑐 , and ̃T2F𝐾 , ̃T2F𝑉 ∈ ℝ𝑝×𝑑𝑐 . The Key and Value 820

matrices for TCA are then constructed by concatenating the 821

projected features from Task I and Task II along the sequence 822

dimension: 823

𝐾all = Concat( ̃T1F𝐾 , ̃T2F𝐾 ),

𝑉all = Concat( ̃T1F𝑉 , ̃T2F𝑉 ),
(17)

where 𝐾all, 𝑉all ∈ ℝ(𝑛+𝑝)×𝑑𝑐 . The resulting attention score 824

matrix has shape ℝ𝑞×(𝑛+𝑝), enabling each Task III hidden- 825

state position to retrieve information from both Task I and 826
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(a) Primary Aspects (A-E) w/o DCA and TCA

A. Clinical Quality of Care
B. Patient-Provider Communication
C. Access to Care
D. Facility Environment
E. Cost Transparency and Affordability
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(b) Sub-Aspects (A.1-E.12) w/o DCA and TCA
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(c) Sub-Aspects (A.1-E.12) with DCA and TCA

A.1: Diagnostic Accuracy
A.2: Treatment Effectiveness
A.3: Safety and Adverse Events
A.4: Patient Experience During Procedures
B.5: Empathy and Emotional Support
B.6: Clarity and Efficiency of Communication

C.7: Timely Access to Appointments
C.8: Convenience of Location
D.9: Environment and Public Facilities
D.10: Adequacy of Medical Equipment
D.11: Privacy Protections and Safety Measures
E.12: Out-of-Pocket Cost Clarity

Figure 9: T-SNE visualization of hierarchical aspect representations before and after DCA fusion. (a) Primary Aspects (A-E) w/o
DCA; (b) Sub-Aspects (A.1-E.12) w/o DCA. (c) Sub-Aspects (A.1-E.12) with DCA.

Task II feature sequences. The TCA operation is then defined827

as:828

TCA(𝐻3,T1F,T2F) = sof tmax

(

𝐻̃3𝐾T
all

√

𝑑𝑐

)

𝑉all. (18)

The output of TCA has the shape ℝ𝑞×𝑑𝑐 . It is projected829

back to the native hidden dimension of EM-3 before residual830

fusion:831

𝐻 ′
3 = 𝐻3 + TCA(𝐻3,T1F,T2F)𝑊 𝑂

3 , (19)
where 𝑊 𝑂

3 ∈ ℝ𝑑𝑐×𝑑3 . Although the sequence lengths 𝑛,832

𝑝, 𝑚, and 𝑞 may differ because different expert models use833

different tokenizers and task prompts, cross-attention does834

not require one-to-one token alignment. Instead, it performs835

soft semantic retrieval over prior-task feature sequences.836

Therefore, the projection-and-alignment procedure ensures837

that the cross-attention operations in DCA and TCA are838

dimensionally valid while preserving the intended cross-task839

knowledge transfer mechanism.840

This design ensures that the primary information flow841

within each decoder block remains uncompromised. The842

cross-attention modules serve as supplemental mechanisms,843

enabling the model to intentionally “refer back” to the struc-844

tured predictions and features from earlier stages, thereby845

enhancing coherence and accuracy in complex, hierarchi-846

cal reasoning tasks. Moreover, the SR component differs847

somewhat from previous iterations. As the EM for both848

the ACSA and IR tasks is identical, Task III effectively849

encompasses two distinct tasks. Consequently, within Task850

III’s SR, we have arranged tasks for both objectives, though851

they point to the same EM. The EM processes prompts852

sequentially, meaning the ACSA and IR tasks run concur-853

rently yet independently. Upon task completion, all outputs854

are consolidated and processed through the decoder block 855

before being sent to the final output. 856

To enable effective interaction across heterogeneous ex- 857

pert models, we perform feature-level alignment rather than 858

directly sharing raw token embeddings. Specifically, each 859

expert model independently processes the input using its na- 860

tive tokenizer and architecture, producing intermediate hid- 861

den representations. These representations capture higher- 862

level semantic information and are therefore more compa- 863

rable across models despite differences in tokenization and 864

embedding spaces. The proposed cross-attention modules 865

operate on these hidden representations instead of raw token- 866

level inputs. This design avoids the need for strict alignment 867

of vocabularies or embedding dimensions. In practice, the 868

attention mechanism is applied to semantically-meaningful 869

features, which allows information exchange across experts 870

without requiring architectural homogeneity. This feature- 871

level interaction enables the model to leverage complemen- 872

tary knowledge from different expert models while main- 873

taining compatibility across heterogeneous representations. 874

To further analyze the operational characteristics of the 875

proposed modules, we visualize the attention weight dis- 876

tributions in Figure 8. Each heatmap illustrates how the 877

current-task query representations allocate attention to the 878

corresponding key features. The attention maps are extracted 879

from the final transformer block of the EM-2 and aver- 880

aged across all attention heads using a randomly selected 881

validation sample. The attention maps shown in Figure 8 882

are visualized by averaging the attention weights across 883

all attention heads. Specifically, Self-Attention (Figure 8a) 884

produces an 8 × 8 attention matrix within the same task 885

domain. The prominent diagonal structure indicates that 886

each query position primarily attends to its own represen- 887

tation, reflecting strong self-alignment and local contextual 888

preservation. Meanwhile, several off-diagonal activations 889

can also be observed in neighboring and semantically related 890
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regions, suggesting that the model additionally captures891

contextual dependencies and semantic interactions among892

tokens within the current task.893

In contrast, DCA (Figure 8b) generates an 8 × 6 cross-894

domain attention matrix, where the eight query positions895

from the current task interact with six transferred feature896

representations (T1F) derived from Task I. Unlike Self-897

Attention, the DCA map does not exhibit strong diago-898

nal dominance because the query and key representations899

originate from different semantic spaces and hierarchical900

subtasks. Instead, the attention distribution forms several901

sparse yet concentrated activation regions, indicating selec-902

tive retrieval of task-relevant prior knowledge. In particular,903

several query positions strongly attend to specific transferred904

features, while unrelated regions maintain relatively low905

attention weights. This behavior demonstrates that the DCA906

mechanism effectively performs focused cross-task semantic907

alignment rather than indiscriminate feature aggregation.908

Such selective sparsity further reflects the expert-oriented909

design of the proposed framework, where only task-relevant910

prior knowledge is activated during cross-task interaction.911

Building upon the attention mechanism analysis above,912

we further visualize the representation distributions learned913

by the proposed DCA modules using t-SNE. Since the TCA914

module operates only in the downstream ACSA and IR915

tasks, whereas the sub-aspect representations visualized in916

Figure 9 are generated by EM-2, the t-SNE analysis focuses917

exclusively on the effect of the DCA module. Therefore,918

Figure 9 compares the representation distributions before919

and after the introduction of DCA.920

To better reflect the fine-grained hierarchical classifi-921

cation task, the visualization is generated from the final-922

layer hidden representations of EM-2, i.e., the ACD-2 ex-923

pert model responsible for identifying the twelve sub-aspect924

categories. The representations are extracted from the held-925

out test set. For each input, sequence-level embeddings are926

obtained by mean pooling over non-padding token hidden927

states. For multi-label samples, each aspect-specific instance928

is treated as a separate point according to its corresponding929

sub-aspect label. Figure 9 illustrates the embedding struc-930

tures under different hierarchical settings and feature fu-931

sion strategies. Specifically, Figure 9(a) presents the coarse-932

grained distributions of the five primary aspects (A–E),933

where the major semantic categories form distinguishable934

yet partially overlapping clusters. Figure 9(b) further visual-935

izes the fine-grained sub-aspect representations (A.1–E.12)936

before applying DCA, showing that several sub-aspect cate-937

gories exhibit noticeable overlap and fragmented boundaries938

due to limited cross-task semantic interaction.939

After incorporating the proposed DCA mechanisms,940

Figure 9(c) demonstrates an improved embedding struc-941

ture for the 12 sub-aspect categories. Compared with the942

pre-fusion distributions, the post-fusion embeddings be-943

come more compact within the same class while exhibit-944

ing clearer inter-class separation across semantically re-945

lated sub-aspects. This indicates that the cross-task attention946

Table 3
Results of the ACD-1 Task for Model Screening

Model 𝐹1micro 𝐹1macro

Apollo-7B 0.7483 ± 0.019 0.7276 ± 0.024
Gemma-2-9B-it 0.6995 ± 0.029 0.6758 ± 0.034
GLM-Z1-9B-0414 0.6716 ± 0.021 0.6529 ± 0.027
InternLM2.5-Chat-7B 0.5729 ± 0.033 0.5441 ± 0.035
Llama3.1-8B-Instruct 0.6610 ± 0.025 0.6374 ± 0.031
Ministral-8B-Instruct-2410 0.5762 ± 0.048 0.5638 ± 0.052
Phi-3-small-7B 0.6832 ± 0.023 0.6591 ± 0.029
Qwen3-8B 0.7054 ± 0.017 0.6913 ± 0.027
Starling-7B-LM-Beta 0.4998 ± 0.061 0.4832 ± 0.066
Yi-1.5-9B-Chat 0.6175 ± 0.032 0.5983 ± 0.037

Table 4
Results of the ACD-2 Task for Model Screening

Model 𝐹1micro 𝐹1macro
Apollo-7B 0.6631 ± 0.021 0.6349 ± 0.034
Gemma-2-9B-it 0.5888 ± 0.035 0.5632 ± 0.041
GLM-Z1-9B-0414 0.6320 ± 0.023 0.6055 ± 0.029
InternLM2.5-Chat-7B 0.5672 ± 0.045 0.5324 ± 0.052
Llama3.1-8B-Instruct 0.6263 ± 0.031 0.5978 ± 0.037
Ministral-8B-Instruct-2410 0.5801 ± 0.056 0.5704 ± 0.061
Phi-3-small-7B 0.6729 ± 0.028 0.6647 ± 0.025
Qwen3-8B 0.7009 ± 0.018 0.6926 ± 0.026
Starling-7B-LM-Beta 0.4937 ± 0.049 0.4692 ± 0.063
Yi-1.5-9B-Chat 0.5942 ± 0.032 0.5715 ± 0.038

mechanisms effectively enhance hierarchical semantic trans- 947

fer and reduce representation ambiguity among fine-grained 948

medical aspects. In particular, the improved cluster com- 949

pactness suggests stronger intra-class semantic consistency, 950

whereas the enlarged margins between clusters reflect better 951

discriminative capability in the shared embedding space. 952

These visualizations intuitively demonstrate that the dual- 953

and triple-cross-attention mechanisms not only expand the 954

receptive field at the attention level but also promote tighter 955

intra-class cohesion and clearer inter-class boundaries in the 956

shared embedding space. 957

4. Experiments 958

In this study, our experiments were primarily divided 959

into two aspect categories: testing experiments and fine- 960

tuning experiments, each with distinct environmental con- 961

figurations. For the testing experiments, to replicate real- 962

world medical scenarios and enhance the project’s deploya- 963

bility, we selected the mainstream consumer-grade NVIDIA 964

RTX 4090 GPU with 24GB of VRAM, using a single 965

unit. For the fine-tuning experiments, we employed a single 966

NVIDIA A100 GPU with 80GB of VRAM. Additionally, 967

all hyperparameters for the LLMs were set to their default 968

values without further modification. This approach ensured 969

fair comparisons and demonstrated the generalizability of 970

our experimental results. On the other hand, each of our 971

experiments was run five times, yielding one 𝐹1𝑚𝑖𝑐𝑟𝑜 and 972

one 𝐹1𝑚𝑎𝑐𝑟𝑜 score per run. The final results presented are 973
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the average of the five 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜. Furthermore,974

to enable a more precise assessment of model stability,975

we computed the sample standard deviation (𝜎) across five976

independent runs. A smaller sample std reflects greater con-977

sistency and robustness in model performance. At the same978

time, our fine-tuning dataset and test dataset are independent979

and non-overlapping, thus eliminating the possibility of data980

leakage. Details of the prompts used in all experiments are981

provided in our supplementary materials. In this section,982

we present the experimental setup and evaluation results,983

including comparisons with baseline methods and ablation984

studies.985

4.1. ACD-1 Task Initial Screening986

To screen EMs for different tasks, we referenced four dis-987

tinct LLM leaderboards (HuggingFace LLM Leaderboard,988

LMSYS Leaderboard, OpenCompass, and LLM Leader-989

board stats)[73], [74], [75]. We selected ten relatively high-990

performing and popular open-source models with parame-991

ters below 10 billion for experimentation. We deployed the992

different models on the same server and compared them993

using identical prompts, Few-shot training, and CoT instruc-994

tions. As shown in Table 3, Apollo-7B achieved the best995

performance on the ACD-1 task for both 𝐹1𝑚𝑖𝑐𝑟𝑜 (0.75)996

and 𝐹1𝑚𝑎𝑐𝑟𝑜 (0.72), making it the EMC for EM-1. Qwen3-997

8B and Gemma2-9B-it ranked second and third, achieving998

𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜 scores of 0.71 and 0.69, and 0.70 and999

0.67, respectively. Additionally, Phi-3-small 7B, GLM-Z1-1000

9B-0414, and Llama 3.1-8B-Instruct all exceeded 0.5 on1001

both 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜.1002

4.2. ACD-2 Task Initial Screening1003

As shown in Table 4, Qwen3-8B outperformed Apollo-1004

7B in the ACD-2 task, achieving the highest performance1005

with 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜 scores of 0.70 and 0.69, re-1006

spectively. Therefore, Qwen3-8B was selected as the EMC1007

for EM-2. Apollo-7B followed closely behind, achieving1008

𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜 scores of 0.66 and 0.63, respectively.1009

Both GLM-Z1-9B-0414 and Llama3.1-8B-Instruct achieved1010

an 𝐹1𝑚𝑖𝑐𝑟𝑜 score of 0.63, but their 𝐹1𝑚𝑎𝑐𝑟𝑜 scores were only1011

0.60 and 0.59. Compared to the ACD-1 task, only Ministral-1012

8B-Instruct-2410 showed improvement, with 𝐹1𝑚𝑖𝑐𝑟𝑜 and1013

𝐹1𝑚𝑎𝑐𝑟𝑜 increasing slightly from 0.58 and 0.56 to 0.58 and1014

0.57, respectively.1015

4.3. ACSA Task Initial Screening1016

In the ACSA task, as shown in Table 5, Phi-3-small 7B1017

achieved the optimal performance with 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜1018

scores of 0.81 and 0.76, respectively. Therefore, Phi-3-small1019

7B was selected as the EMC for EM-3. Additionally, Qwen3-1020

8B demonstrated strong performance on this task, achieving1021

an 𝐹1𝑚𝑖𝑐𝑟𝑜 score of 0.80 and an 𝐹1𝑚𝑎𝑐𝑟𝑜 score of 0.72, both1022

of which ranked just behind Phi-3-small 7B. On the other1023

hand, all models in this task achieved a score of over 60.001024

in both 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜.1025

Table 5
Results of the ACSA Task for Model Screening

Model 𝐹1micro 𝐹1macro
Apollo-7B 0.7724 ± 0.027 0.7138 ± 0.034
Gemma-2-9B-it 0.7831 ± 0.049 0.7306 ± 0.058
GLM-Z1-9B-0414 0.7559 ± 0.031 0.6719 ± 0.036
InternLM2.5-Chat-7B 0.7225 ± 0.039 0.6085 ± 0.046
Llama3.1-8B-Instruct 0.7338 ± 0.033 0.6214 ± 0.039
Ministral-8B-Instruct-2410 0.6870 ± 0.052 0.6157 ± 0.058
Phi-3-small-7B 0.8144 ± 0.028 0.7618 ± 0.032
Qwen3-8B 0.8036 ± 0.021 0.7285 ± 0.027
Starling-7B-LM-Beta 0.6591 ± 0.066 0.6292 ± 0.072
Yi-1.5-9B-Chat 0.7602 ± 0.028 0.6424 ± 0.033

Table 6
Results of the IR Task for Model Screening

Model 𝐹1micro 𝐹1macro
Apollo-7B 0.8097 ± 0.032 0.7721 ± 0.048
Gemma-2-9B-it 0.7495 ± 0.029 0.6883 ± 0.034
GLM-Z1-9B-0414 0.7256 ± 0.024 0.7134 ± 0.031
InternLM2.5-Chat-7B 0.7193 ± 0.038 0.6719 ± 0.043
Llama3.1-8B-Instruct 0.7380 ± 0.027 0.6718 ± 0.032
Ministral-8B-Instruct-2410 0.7361 ± 0.049 0.7063 ± 0.056
Phi-3-small-7B 0.8396 ± 0.020 0.8291 ± 0.026
Qwen3-8B 0.8250 ± 0.019 0.8013 ± 0.024
Starling-7B-LM-Beta 0.7415 ± 0.055 0.7281 ± 0.061
Yi-1.5-9B-Chat 0.7144 ± 0.031 0.6629 ± 0.037

Table 7
Manual evaluation of LRS-generated data quality.

Criterion Score (%) Agreement (𝜅)
Label Correctness 92.3 0.83
Semantic Consistency 89.7 0.78
Linguistic Naturalness 91.5 0.80

4.4. IR Task Initial Screening 1026

As shown in Table 6, Phi-3-small 7B also achieved 1027

the best performance in the IR task, with both 𝐹1𝑚𝑖𝑐𝑟𝑜 1028

and 𝐹1𝑚𝑎𝑐𝑟𝑜 exceeding 0.8000, at 0.8396 and 0.8283, re- 1029

spectively. Therefore, Phi-3-small 7B should be selected as 1030

the EMC for EM-4. However, since Phi-3-small 7B was 1031

previously chosen as the EMC for EM-3 in earlier tasks, 1032

we can retain the original naming convention and have 1033

this EM3 complete both tasks. Additionally, Qwen3-8B and 1034

Apollo-7B also exhibited competitive performance, achiev- 1035

ing 𝐹1𝑚𝑖𝑐𝑟𝑜 scores of 0.83 and 0.81, respectively, while their 1036

𝐹1𝑚𝑎𝑐𝑟𝑜 scores were 0.80 and 0.76, respectively. Finally, in 1037

this task, all models achieved 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜 scores 1038

exceeding 0.6. 1039

4.5. Expert Model Fine-tuning 1040

To demonstrate that the DoRA-based fine-tuning ap- 1041

proach is more suitable for our H-ABSA task, we compared 1042

DoRA and LoRA using three EMC experiments. We divided 1043

LoRA and DoRA into two control groups: one fine-tuned 1044

solely on the manually annotated training set (H1000), and 1045
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Table 8
Comparison of LoRA and DoRA Fine-tuning Approaches

Model
ACD-1 Task ACD-2 Task ACSA Task IR Task

𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro

Apollo-7B 0.7483 0.7205 0.6631 0.6266 0.7724 0.7040 0.8097 0.7631
+LoRA (H1000) 0.7882↑ 0.04 0.7524↑ 0.03 0.7173↑ 0.05 0.6841↑ 0.06 0.8334↑ 0.06 0.7318↑ 0.03 0.8360↑ 0.03 0.7957↑ 0.03

+LoRA (H1000+L3000) 0.8499↑ 0.10 0.8160↑ 0.10 0.7555↑ 0.09 0.6706↑ 0.04 0.8376↑ 0.07 0.7629↑ 0.06 0.8801↑ 0.07 0.8364↑ 0.07

+DoRA (H1000) 0.7945↑ 0.05 0.7538↑ 0.03 0.7205↑ 0.06 0.6932↑ 0.07 0.8494↑ 0.08 0.7320↑ 0.03 0.8363↑ 0.03 0.8083↑ 0.05

+DoRA (H1000+L3000) 0.8515↑ 0.10 0.8233↑ 0.10 0.7663↑ 0.10 0.7219↑ 0.10 0.8197↑ 0.05 0.7754↑ 0.07 0.8766↑ 0.07 0.8408↑ 0.08

Phi-3-small-7B 0.6832 0.6539 0.6729 0.6670 0.8144 0.7589 0.8396 0.8283
+LoRA (H1000) 0.7033↑ 0.02 0.6778↑ 0.02 0.7396↑ 0.07 0.7105↑ 0.04 0.8314↑ 0.02 0.8253↑ 0.07 0.8926↑ 0.05 0.8561↑ 0.03

+LoRA (H1000+L3000) 0.7446↑ 0.06 0.7025↑ 0.05 0.7431↑ 0.07 0.7268↑ 0.06 0.8777↑ 0.06 0.8790↑ 0.12 0.9139↑ 0.07 0.8818↑ 0.05

+DoRA (H1000) 0.7076↑ 0.02 0.6803↑ 0.03 0.7447↑ 0.07 0.7310↑ 0.06 0.8584↑ 0.04 0.8231↑ 0.06 0.8858↑ 0.05 0.8622↑ 0.03

+DoRA (H1000+L3000) 0.7486↑ 0.07 0.7083↑ 0.05 0.7747↑ 0.10 0.7503↑ 0.08 0.9036↑ 0.09 0.8837↑ 0.12 0.9229↑ 0.08 0.9023↑ 0.07

Qwen3-8B 0.7054 0.6861 0.7096 0.6941 0.8036 0.7208 0.8250 0.7962
+LoRA (H1000) 0.7307↑ 0.03 0.6989↑ 0.01 0.7756↑ 0.07 0.7674↑ 0.07 0.8591↑ 0.06 0.8164↑ 0.10 0.8358↑ 0.01 0.8622↑ 0.07

+LoRA (H1000+L3000) 0.7742↑ 0.07 0.7313↑ 0.05 0.7900↑ 0.08 0.7728↑ 0.08 0.8935↑ 0.09 0.8209↑ 0.10 0.8981↑ 0.07 0.8847↑ 0.09

+DoRA (H1000) 0.7593↑ 0.05 0.7006↑ 0.01 0.7749↑ 0.07 0.7682↑ 0.07 0.8427↑ 0.04 0.7954↑ 0.07 0.8411↑ 0.02 0.8568↑ 0.06

+DoRA (H1000+L3000) 0.8093↑ 0.10 0.7326↑ 0.05 0.8242↑ 0.11 0.8028↑ 0.11 0.8806↑ 0.08 0.8010↑ 0.08 0.8925↑ 0.07 0.8843↑ 0.09

Table 9
Comparison of Effects Between Two Distinct Fine-tuning Approaches

Model
ACD-1 Task ACD-2 Task ACSA Task IR Task

𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro

Apollo-7B 0.7483 0.7205 0.6631 0.6266 0.7724 0.7040 0.8097 0.7631

+DoRA (H1000) 0.7945↑ 0.05 0.7538↑ 0.03 0.7205↑ 0.06 0.6932↑ 0.07 0.8494↑ 0.08 0.7320↑ 0.03 0.8363↑ 0.03 0.8083↑ 0.05

+DoRA (H1000+L3000) 0.8515↑ 0.10 0.8233↑ 0.10 0.7663↑ 0.10 0.7219↑ 0.10 0.8197↑ 0.05 0.7754↑ 0.07 0.8766↑ 0.07 0.8408↑ 0.08

Gemma-2-9B-it 0.6995 0.6687 0.5888 0.5603 0.7831 0.7223 0.7495 0.6786

+DoRA (H1000) 0.7759↑ 0.08 0.7096↑ 0.04 0.6741↑ 0.09 0.6014↑ 0.04 0.8067↑ 0.02 0.7060↑ 0.04 0.8048↑ 0.06 0.7185↑ 0.04

+DoRA (H1000+L3000) 0.7876↑ 0.09 0.7207↑ 0.05 0.7198↑ 0.13 0.6752↑ 0.12 0.8201↑ 0.04 0.7917↑ 0.07 0.8448↑ 0.10 0.7568↑ 0.08

GLM-Z1-9B-0414 0.6716 0.6521 0.6320 0.5997 0.7559 0.6657 0.7256 0.7102

+DoRA (H1000) 0.7489↑ 0.08 0.6901↑ 0.04 0.6946↑ 0.06 0.6433↑ 0.04 0.7877↑ 0.03 0.7012↑ 0.04 0.7958↑ 0.07 0.7594↑ 0.05

+DoRA (H1000+L3000) 0.7628↑ 0.09 0.7204↑ 0.07 0.7565↑ 0.12 0.6520↑ 0.05 0.7948↑ 0.04 0.7329↑ 0.07 0.8412↑ 0.12 0.7936↑ 0.08

InternLM2.5-Chat-7B 0.5729 0.5401 0.5672 0.5258 0.7225 0.6018 0.7193 0.6645

+DoRA (H1000) 0.6637↑ 0.09 0.5880↑ 0.05 0.6442↑ 0.08 0.6051↑ 0.08 0.7695↑ 0.05 0.6960↑ 0.09 0.7672↑ 0.05 0.7119↑ 0.05

+DoRA (H1000+L3000) 0.6828↑ 0.11 0.6599↑ 0.12 0.6928↑ 0.13 0.6943↑ 0.17 0.8053↑ 0.08 0.6913↑ 0.09 0.8093↑ 0.09 0.7537↑ 0.09

Llama3.1-8B-Instruct 0.6610 0.6317 0.6263 0.5881 0.7338 0.6141 0.7380 0.6638

+DoRA (H1000) 0.6921↑ 0.03 0.6713↑ 0.04 0.7048↑ 0.08 0.6450↑ 0.06 0.8031↑ 0.07 0.6523↑ 0.04 0.7927↑ 0.05 0.7732↑ 0.11

+DoRA (H1000+L3000) 0.7433↑ 0.08 0.7062↑ 0.07 0.7465↑ 0.12 0.6772↑ 0.09 0.8853↑ 0.15 0.6819↑ 0.07 0.8545↑ 0.12 0.8072↑ 0.14

Ministral-8B-Instruct-2410 0.5762 0.5633 0.5801 0.5695 0.6870 0.6092 0.7361 0.7041

+DoRA (H1000) 0.6117↑ 0.04 0.6052↑ 0.04 0.7134↑ 0.13 0.6054↑ 0.04 0.7661↑ 0.08 0.6728↑ 0.06 0.7975↑ 0.06 0.8040↑ 0.10

+DoRA (H1000+L3000) 0.6218↑ 0.05 0.7278↑ 0.16 0.6510↑ 0.07 0.7659↑ 0.20 0.7159↑ 0.03 0.6817↑ 0.07 0.8349↑ 0.10 0.8294↑ 0.13

Phi-3-small-7B 0.6832 0.6539 0.6729 0.6670 0.8144 0.7589 0.8396 0.8283

+DoRA (H1000) 0.7076↑ 0.02 0.6803↑ 0.03 0.7447↑ 0.07 0.7310↑ 0.06 0.8584↑ 0.04 0.8231↑ 0.06 0.8858↑ 0.05 0.8622↑ 0.03

+DoRA (H1000+L3000) 0.7486↑ 0.07 0.7083↑ 0.05 0.7747↑ 0.10 0.7503↑ 0.08 0.9036↑ 0.09 0.8837↑ 0.12 0.9229↑ 0.08 0.9023↑ 0.07

Qwen3-8B 0.7054 0.6861 0.7096 0.6941 0.8036 0.7208 0.8250 0.7962

+DoRA (H1000) 0.7593↑ 0.05 0.7006↑ 0.01 0.7749↑ 0.07 0.7682↑ 0.07 0.8427↑ 0.04 0.7954↑ 0.07 0.8411↑ 0.02 0.8568↑ 0.06

+DoRA (H1000+L3000) 0.8093↑ 0.10 0.7326↑ 0.05 0.8242↑ 0.11 0.8028↑ 0.11 0.8806↑ 0.08 0.8010↑ 0.08 0.8925↑ 0.07 0.8843↑ 0.09

Starling-7B-LM-Beta 0.4998 0.4785 0.4937 0.4629 0.6591 0.6235 0.7415 0.7244

+DoRA (H1000) 0.5710↑ 0.07 0.5736↑ 0.10 0.5183↑ 0.02 0.5057↑ 0.04 0.7274↑ 0.07 0.6521↑ 0.03 0.7856↑ 0.04 0.7702↑ 0.05

+DoRA (H1000+L3000) 0.5933↑ 0.09 0.5947↑ 0.12 0.5824↑ 0.09 0.5752↑ 0.11 0.7387↑ 0.08 0.6980↑ 0.07 0.8326↑ 0.09 0.7528↑ 0.03

Yi-1.5-9B-Chat 0.6175 0.5968 0.5942 0.5654 0.7602 0.6353 0.7144 0.6549

+DoRA (H1000) 0.6415↑ 0.02 0.6372↑ 0.04 0.6238↑ 0.03 0.6190↑ 0.05 0.8104↑ 0.05 0.7057↑ 0.07 0.7362↑ 0.02 0.7026↑ 0.05

+DoRA (H1000+L3000) 0.6600↑ 0.04 0.6551↑ 0.06 0.6984↑ 0.10 0.6321↑ 0.07 0.8258↑ 0.07 0.7451↑ 0.11 0.8159↑ 0.10 0.7738↑ 0.12
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another fine-tuned on both the manually annotated training1046

set and the training set generated by LRS1000 (H1000+L3000).1047

To evaluate the quality of the LRS-generated data, we1048

randomly sampled 10% of the synthetic dataset for manual1049

inspection. Three annotators independently evaluated each1050

sample in terms of label correctness, semantic consistency,1051

and linguistic naturalness. As summarized in Table 7, the1052

generated data achieves high quality across all evaluation1053

criteria, with 92% for label correctness, 89% for semantic1054

consistency, and 91% for linguistic naturalness. The inter-1055

annotator agreement, measured by Fleiss’s kappa, reaches1056

0.83, 0.78, and 0.80 for the three criteria, respectively, in-1057

dicating substantial agreement. Furthermore, no significant1058

semantic drift or spurious patterns are identified during1059

manual inspection. These findings suggest that the LRS-1060

generated data maintains high quality and aligns well with1061

the original data distribution, thereby effectively supporting1062

model training.1063

In the comparative experiments between LoRA and1064

DoRA, as shown in Table 8, both LoRA and DoRA achieved1065

significant improvements over the baseline model, with1066

(H1000+L3000) demonstrating a greater gain than (H1000).1067

In addition, DoRA generally outperforms LoRA in most1068

tasks. Notably, DoRA (H1000+L3000) achieves the best per-1069

formance across all specific EMC tasks (blue font).1070

On the other hand, to ensure that DoRA enhances model1071

performance, we designed the following experiments for1072

comprehensive comparison. They also examine whether1073

EMC remains optimal after DoRA processing. Furthermore,1074

as in previous experiments, we divided DoRA into two1075

control groups: (H1000), and (H1000+L3000). This aims to1076

demonstrate whether the train set generated by LRS10001077

contributes to the fine-tuning process. As shown in Table1078

9, we observe performance improvements across all models1079

after DoRA. Specifically, on the ACD-1 task, the EMC1080

Apollo-7B maintains the highest 𝐹1𝑚𝑖𝑐𝑟𝑜 (0.85) and 𝐹1𝑚𝑎𝑐𝑟𝑜1081

(0.82) scores after DoRA (H1000+L3000). Even when using1082

only DoRA (H1000), Apollo-7B demonstrated outstanding1083

performance, achieving 0.79 and 0.75, respectively. In the1084

ACD-2 task, the EMC Qwen3-8B achieved significant im-1085

provements after DoRA (H1000), with 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜1086

rising from 0.70 to 0.77 and from 0.69 to 0.77, respec-1087

tively. Although performance improved further after DoRA1088

(H1000+L3000), the gains were modest: 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜1089

increased only from 0.77 to 0.82 and from 0.77 to 0.80,1090

respectively. This model remains the only one in this task1091

with both 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜 scores above 0.8.1092

As shown in Table 9, the EMC Phi-3-small 7B achieved1093

substantial gains on the ACSA task after training with DoRA1094

(H1000+L3000). Its 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜 scores rose from1095

0.81 to 0.95 and from 0.76 to 0.88 respectively, representing1096

the highest values among all models. In some cases, 𝐹1𝑚𝑖𝑐𝑟𝑜1097

saw a notable increase from 0.86 on DoRA (H1000) to1098

0.95 on DoRA (H1000+L3000), further validating the effec-1099

tiveness of the LRS1000-generated training set. Moreover,1100

Apollo-7B demonstrated substantial performance gains on1101

this task after processing through DoRA (H1000+L3000):1102

𝐹1𝑚𝑖𝑐𝑟𝑜 improved from 0.77 to 0.89, while 𝐹1𝑚𝑎𝑐𝑟𝑜 rose 1103

from 0.70 to 0.78. Finally, in the IR task, the EMC Phi- 1104

3-small 7B maintained optimal performance after DoRA 1105

(H1000+L3000), achieving 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜 scores of 1106

0.92 and 0.90, respectively. Additionally, for this task, all 1107

models achieved 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜 scores exceeding 0.7 1108

only on DoRA (H1000). 1109

4.6. Dataset 1110

To ensure the transparency of the experiment, we have 1111

provided detailed statistics and segmentation information for 1112

the dataset. The dataset is divided into training, test, and val- 1113

idation sets, with sizes of 4000, 400, and 400, respectively. 1114

The training set comprises 1,000 manually-labelled samples 1115

and 3,000 samples generated by LRS (4,000 samples in 1116

total), whilst the 400 samples in the test set and the 400 1117

samples in the validation set consist entirely of manually 1118

labelled data.The test set is strictly disjoint from both the 1119

human-annotated training data and the generated samples, 1120

ensuring no data leakage. 1121

To illustrate the distribution of labels within the dataset, 1122

we have calculated the label distributions for each subclass. 1123

Since all sub-aspects are mutually independent and the num- 1124

ber of sub-aspects varies across different primary aspects, 1125

we analyze the data distribution at the sub-aspect level. As 1126

shown in Table 10, most sub-aspects are distributed within 1127

a relatively stable range between 5% and 10%, indicating 1128

a generally balanced distribution. A few sub-aspects, such 1129

as A.1 (Diagnostic Accuracy), A.2 (Treatment Effective- 1130

ness), and B.1 (Empathy and Emotional Support), exhibit 1131

higher proportions, reflecting that these dimensions are more 1132

frequently discussed in patient reviews. This distribution 1133

pattern is consistent with real-world scenarios, where clin- 1134

ical outcomes and doctor–patient communication are the 1135

primary concerns of patients. Despite these variations, all as- 1136

pects are adequately represented, and no extreme imbalance 1137

is observed. This distribution is consistent with real-world 1138

medical review scenarios and provides a reliable basis for 1139

model training and evaluation. 1140

4.7. H-ABSA 1141

To further demonstrate the effectiveness of our frame- 1142

work, we designed the following comparative experiments to 1143

comprehensively and intuitively showcase the performance 1144

of all models and methods across multiple tasks in ABSA. 1145

Among these, we introduced E2E tasks to test models’ 1146

ability to directly complete the entire complex ABSA task. 1147

As shown in Table 11, the three EM demonstrate signifi- 1148

cant improvements over all baseline LLMs across all tasks. 1149

EM-3 achieves the best performance in the E2E task, at- 1150

taining an 𝐹1𝑚𝑖𝑐𝑟𝑜 score of 0.81. On the other hand, our 1151

proposed MuSEM exhibits noticeable improvements in all 1152

tasks except ACD-1, where it performs slightly worse than 1153

EM-1. Leveraging its cross-task feature sharing advantage, 1154

MuSEM elevated the 𝐹1𝑚𝑎𝑐𝑟𝑜 score for E2E tasks from EM- 1155

3’s peak of 0.66 to 0.81, enabling the model to exhibit sen- 1156

sitivity even for extremely scarce cases. Since ACD-1 is the 1157

first task in MuSEM, it cannot benefit from cross-task feature 1158
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Table 10
Label distribution across primary aspects and sub-aspects (%).

Aspect ID Percentage (%)
Clinical Quality of Care A 38.4
Diagnostic Accuracy A.1 13.2
Treatment Effectiveness A.2 15.1
Safety and Adverse Events A.3 5.5
Patient Experience During Procedures A.4 4.6

Patient–Provider Communication B 22.6
Empathy and Emotional Support B.5 12.8
Clarity and Efficiency of Communication B.6 9.8

Access to Care C 12.3
Timely Access to Appointments C.7 6.5
Convenience of Location C.8 5.8

Facility Environment D 21.1
Environment and Public Facilities D.9 7.3
Adequacy of Medical Equipment D.10 6.9
Privacy Protections and Safety Measures D.11 6.9

Cost Transparency and Affordability E 5.6
Out-of-Pocket Cost Clarity E.12 5.6

sharing. Its performance is therefore nearly identical to that1159

of the underlying EM-1. This demonstrates that both DCA1160

and TCA within our framework enhance model performance1161

across remaining tasks, with ACD-2 achieving 𝐹1𝑚𝑖𝑐𝑟𝑜 and1162

𝐹1𝑚𝑎𝑐𝑟𝑜 scores of 0.87 and 0.84, respectively. Particularly1163

in the ACSA and IR tasks, both 𝐹1𝑚𝑖𝑐𝑟𝑜 (0.96, 0.95) and1164

𝐹1𝑚𝑎𝑐𝑟𝑜 (0.90, 0.92) achieved scores exceeding 0.9.1165

Table 12 presents a comparison of the performance of1166

the proposed method against representative ABSA methods1167

and proprietary LLM on E2E tasks. To ensure consistency1168

with the comparative experiments involving the 10 baseline1169

models in Table 11, we did not integrate the H-ABSA1170

architecture into Bert-ABSA [77], Prompt-based ABSA (P-1171

ABSA) [18], Lego-ABSA [78], and T5-ABSA [79]. All1172

these baseline models were evaluated on E2E tasks under1173

a unified flat-labelling setting. This setting allows for a1174

direct comparison of existing models’ capabilities on end-1175

to-end tasks within the same label space, whilst avoiding1176

confounding factors introduced by additional architectural1177

modifications.1178

Compared with these task-specific ABSA baselines, our1179

method achieves consistently superior performance, particu-1180

larly in terms of 𝐹1𝑚𝑎𝑐𝑟𝑜, demonstrating its effectiveness in1181

handling imbalanced and fine-grained aspect distributions.1182

Closed-source LLMs, including Claude 4 [80], Gemini 31183

[81] and ChatGPT-5 [82], achieve the highest absolute F11184

scores on the E2E task. This result is expected given their1185

substantially larger model scales, broader pre-training cor-1186

pora, and stronger general-purpose reasoning capabilities.1187

However, MuSEM achieves competitive performance while1188

relying on smaller expert models that can be deployed lo-1189

cally. In addition, MuSEM shows lower standard deviations1190

than the closed-source LLMs, suggesting more stable perfor- 1191

mance under repeated evaluation. These results indicate that 1192

MuSEM provides a favorable trade-off among performance, 1193

stability, privacy, and deployability, rather than aiming to 1194

surpass closed-source LLMs in absolute accuracy. 1195

To evaluate the generalization capability of the pro- 1196

posed model, we further conduct cross-dataset experiments 1197

on HealthTap and WebMD. We use the same annotation 1198

protocol as for the RateMDS dataset, labeling 300 patient 1199

reviews from each dataset, resulting in a total of 600 anno- 1200

tated samples. As shown in Table 13, the model maintains 1201

comparable performance across all tasks when transferred to 1202

unseen datasets. Although a slight performance degradation 1203

is observed compared to the source dataset, the overall 1204

results remain stable, demonstrating the robustness of the 1205

proposed framework under domain shifts. The relatively 1206

small performance gaps across datasets indicate that the 1207

model is capable of capturing domain-invariant features and 1208

generalizing effectively across different medical platforms. 1209

This also suggests a certain level of consistency in the 1210

expression patterns of patient reviews across platforms. 1211

To demonstrate the reproducibility of our experiments, 1212

we report the running time and GPU memory consumption 1213

of all models under a unified hardware setting, as shown 1214

in Table 14. All efficiency measurements are conducted 1215

on a single NVIDIA RTX 4090 GPU (24 GB VRAM), 1216

and the latency is measured per sample. In MuSEM, the 1217

EMs are executed sequentially rather than simultaneously, 1218

and thus the memory consumption does not scale linearly 1219

with the number of experts. The slightly higher VRAM 1220

usage mainly arises from additional modules such as DCA 1221

and TCA. Despite the increased latency, MuSEM achieves 1222

significantly better performance while remaining deployable 1223

on a single GPU. Furthermore, the runtime can be further 1224

reduced with multi-GPU deployment or parallelization. 1225

4.8. Ablation Experiments 1226

To thoroughly investigate the specific contributions of 1227

Few-shot examples and CoT prompts to this research, we 1228

systematically designed and conducted a series of ablation 1229

experiments. The specific settings are as follows: We per- 1230

formed three sets of retraining on three EMs, sequentially ex- 1231

cluding Few-shot examples, CoT prompts, and both together, 1232

and compared the results with the model performance under 1233

the full configuration. Detailed configurations include: 1234

• w/o Few-shot: The model receives only the task prompt 1235

and CoT inference prompt without any Few-shot exam- 1236

ples, followed by DoRA fine-tuning training. 1237

• w/o CoT: The model receives only the task prompt and 1238

Few-shot examples without introducing CoT instruc- 1239

tions, proceeding directly to DoRA fine-tuning training. 1240

• w/o Few-shot and w/o CoT: The model undergoes fine- 1241

tuning based solely on the task prompt, without provid- 1242

ing Few-shot examples or introducing CoT instructions, 1243

directly executing DoRA fine-tuning. 1244
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Table 11
Performance Results of Base Model, EMs, and MuSEM Across Tasks

Model
E2E Task ACD-1 Task ACD-2 Task ACSA Task IR Task

𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro

Apollo-7B (BM-E1) 0.6071 0.4842 0.7483 0.7205 0.6631 0.6266 0.7724 0.7040 0.8097 0.7631
Gemma-2-9B-it 0.5223 0.4753 0.6995 0.6687 0.5888 0.5603 0.7831 0.7223 0.7495 0.6786
GLM-Z1-9B-0414 0.5493 0.4536 0.6716 0.6521 0.6320 0.5997 0.7559 0.6657 0.7256 0.7102
InternLM2.5-Chat-7B 0.5048 0.4399 0.5729 0.5401 0.5672 0.5258 0.7225 0.6018 0.7193 0.6645
Llama3.1-8B-Instruct 0.5725 0.5167 0.6610 0.6317 0.6263 0.5881 0.7338 0.6141 0.7380 0.6638
Ministral-8B-Instruct-2410 0.5231 0.4424 0.5762 0.5633 0.5801 0.5695 0.6870 0.6092 0.7361 0.7041
Phi-3-small-7B (BM-E3) 0.6404 0.5578 0.6832 0.6539 0.6729 0.6670 0.8144 0.7589 0.8396 0.8283
Qwen3-8B (BM-E2) 0.6333 0.5659 0.7054 0.6861 0.7009 0.6914 0.8036 0.7208 0.8250 0.7962
Starling-7B-LM-Beta 0.4650 0.4028 0.4998 0.4785 0.4937 0.4629 0.6591 0.6235 0.7415 0.7244
Yi-1.5-9B-Chat 0.5516 0.4872 0.6175 0.5968 0.5942 0.5654 0.7602 0.6353 0.7144 0.6549
EM-1 0.7492 0.5903 0.8515 0.8233 0.6727 0.6560 0.9246 0.8395 0.9071 0.8812
EM-2 0.7051 0.6336 0.7780 0.6717 0.8242 0.8028 0.8529 0.7453 0.8897 0.8113
EM-3 0.8093 0.6631 0.7971 0.7592 0.7533 0.7246 0.9503 0.8837 0.9229 0.9031
Ours 0.8224 0.8097 0.8509 0.8267 0.8666 0.8434 0.9638 0.9022 0.9459 0.9176

(BM-E1): The Base Model of EM-1
(BM-E2): The Base Model of EM-2
(BM-E3): The Base Model of EM-3

Table 12
Comparison of the Proposed Method with Existing ABSA
Approaches and Closed-source LLMs on the E2E Task

Model 𝐹1micro 𝐹1macro
Bert-ABSA[77] 0.6744 ± 0.021 0.6180 ± 0.025
P-ABSA[18] 0.7565 ± 0.029 0.7238 ± 0.033
Lego-ABSA[78] 0.7896 ± 0.026 0.7612 ± 0.028
T5-ABSA[79] 0.7632 ± 0.032 0.7204 ± 0.038
Claude 4 Opus[80] 0.8437 ± 0.030 0.8326 ± 0.033
Gemini 3[81] 0.8619 ± 0.028 0.8581 ± 0.032
ChatGPT-5[82] 0.8575 ± 0.027 0.8408 ± 0.029
EM-1 0.7492 ± 0.024 0.5903 ± 0.031
EM-2 0.7051 ± 0.029 0.6336 ± 0.033
EM-3 0.8093 ± 0.026 0.6631 ± 0.031
Ours 0.8224 ± 0.019 0.8097 ± 0.024

The ablation results are presented in Table 15. Consistent1245

and significant performance trends can be observed across1246

multiple tasks. Taking EM-1 as an example, when the Few-1247

shot setting is removed, the model’s 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜1248

scores decrease by over 0.08 on average across the ACD-1249

1, ACD-2, ACSA, and IR tasks. Specifically, in the ACD-11250

task, the 𝐹1𝑚𝑎𝑐𝑟𝑜 score drops from 0.82 to 0.75, indicating1251

slight numerical fluctuation but an overall degradation in1252

performance. Removing only CoT also leads to a noticeable1253

decline, with an average 𝐹1𝑚𝑎𝑐𝑟𝑜 reduction of approximately1254

0.03. This drop is particularly evident in the ACD-2 task,1255

where performance decreases from 0.66 to 0.62, underscor-1256

ing the crucial role of CoT in complex semantic classification1257

tasks. The most substantial degradation occurs when both1258

Few-shot and CoT are removed simultaneously, resulting in1259

average declines of over 0.11 in both 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜.1260

This finding indicates that the absence of both severely un-1261

dermines the model’s generalization and reasoning abilities.1262

In EM-2, we observed a similar pattern: without the Few- 1263

shot setting, the F1 scores declined by approximately 0.06 on 1264

average, while without CoT, they decreased by about 0.03 1265

on average. When both Few-shot and CoT were removed, 1266

𝐹1𝑚𝑎𝑐𝑟𝑜 and 𝐹1𝑚𝑖𝑐𝑟𝑜 also declined by an average of more 1267

than 0.08. Notably, the ACD-2 task exhibited a drop from 1268

0.80 to 0.70, further validating the necessity of combining 1269

CoT and Few-shot learning. Additionally, EM-3 showed 1270

particularly pronounced performance shifts in the ACSA 1271

task. While the full model achieved an 𝐹1𝑚𝑖𝑐𝑟𝑜 score of 0.95, 1272

it dropped to 0.82 without both Few-shot and CoT instruc- 1273

tions. Meanwhile, the model’s 𝐹1𝑚𝑎𝑐𝑟𝑜 score on the IR task 1274

decreased from 0.90 to 0.80. In summary, the ablation results 1275

demonstrate that both Few-shot examples and CoT reason- 1276

ing mechanisms independently and synergistically enhance 1277

model performance. They not only improve the model’s 1278

generalization capabilities across multiple tasks but also par- 1279

tially compensate for the limited guidance capacity of either 1280

method alone. This ablation study confirms their importance 1281

as effective prompting components in specialized model 1282

fine-tuning and provides evidence for future research. 1283

To further evaluate the contributions of DCA, TCA, 1284

and DoRA, we conducted a series of ablation experiments. 1285

Since TCA is constructed on top of DCA, it is not feasible 1286

to retain TCA while removing DCA. Therefore, we only 1287

consider configurations where TCA is removed together 1288

with or after DCA. As shown in Table 16, the full model 1289

consistently achieves the best performance, demonstrating 1290

the effectiveness of integrating all components. Removing 1291

TCA results in slight performance degradation across most 1292

tasks, as the ACD-1 and ACD-2 missions took place prior 1293

to the TCA module, they were not affected by it. When 1294

both DCA and TCA are removed, performance drops more 1295

noticeably on ACD-2 task and downstream tasks, suggesting 1296
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Table 13
Cross-dataset evaluation on RateMDS, HealthTap, and WebMD datasets.

Dataset
ACD-1 Task ACD-2 Task ACSA Task IR Task E2E Task

𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro

RateMDS 0.8509 0.8267 0.8666 0.8434 0.9638 0.9022 0.9459 0.9176 0.8224 0.8097
HealthTap 0.8421 0.8164 0.8516 0.8348 0.9385 0.8717 0.9314 0.8905 0.8403 0.8081
WebMD 0.8386 0.8037 0.8579 0.8302 0.9423 0.8976 0.9412 0.9148 0.8356 0.8179

Table 14
Inference efficiency and E2E performance comparison.

Model Time(s) VRAM (GB) 𝐹1micro 𝐹1macro
BERT-ABSA 0.4 1.2 0.674 0.618
Apollo-7B 6.6 15.5 0.607 0.484
Phi-3-small-7B 5.2 15.9 0.640 0.558
Qwen3-8B 10.3 17.3 0.633 0.566
MuSEM (Ours) 24.8 19.7 0.822 0.810

that these two modules provide complementary benefits for1297

hierarchical feature interaction. In contrast, removing DoRA1298

leads to substantial and statistically significant performance1299

declines across all tasks, especially on ACD-1 and ACSA,1300

highlighting its critical role in effective representation adap-1301

tation. These results confirm that while DCA and TCA1302

contribute to performance improvements, DoRA is the most1303

essential part in the proposed framework.1304

5. Discussion1305

In this section, we further analyze the proposed ap-1306

proach, including its advantages, limitations, and compari-1307

son with existing methods. Furthermore, we highlight the1308

strengths of H-ABSA in application management, suggest-1309

ing that future research should focus on validating its gen-1310

eralizability across diverse medical and cultural contexts.1311

Finally, we acknowledge the current limitations regarding1312

runtime performance, and we propose that future efforts1313

should emphasize improving both inference efficiency and1314

overall computational performance.1315

5.1. Multi-task Specialized Expert Model1316

Framework (MuSEM)1317

We employ the MuSEM framework to efficiently dis-1318

tribute complex ABSA tasks among three EMs for sequen-1319

tial collaborative processing. We introduce DCA and TCA to1320

enable subsequent tasks to leverage feature results from pre-1321

ceding tasks. The results demonstrate that subsequent tasks1322

enhance their respective accuracy by sharing task features1323

from preceding tasks, with the final end-to-end task perfor-1324

mance significantly outperforming that of a single sLLM.1325

Moreover, one reason for MuSEM’s improved accuracy may1326

lie in its avoidance of multi-step complex tasks. Previous1327

research has demonstrated that LLMs exhibit lower profi-1328

ciency in handling intricate tasks [73]. Consequently, our1329

MuSEM approach effectively assigns each LLM to perform1330

a single task, thereby enabling collaborative completion of a1331

complex task. We shall test this hypothesis in other domains 1332

in the future. 1333

However, this framework still holds room for improve- 1334

ment. As shown in Table 11, during the first task (ACD-1), 1335

the initial EM lacks feature input from preceding tasks. Con- 1336

sequently, its accuracy shows minimal improvement over 1337

EM-1 and even slightly underperforms. Therefore, enhanc- 1338

ing the accuracy of the first task is crucial. This significantly 1339

aids in improving overall E2E accuracy, as boosting the first 1340

task’s accuracy elevates T1F’s accuracy. T1F’s improved 1341

accuracy then positively impacts the accuracy of every sub- 1342

sequent task, creating a virtuous cycle. Researchers intro- 1343

duced the concept of continuous learning as early as 2020 1344

[83]. This approach involves continuously converting the 1345

latest runtime results into trainable datasets while the model 1346

operates. This not only persistently improves the accuracy 1347

of the first task but also enhances overall accuracy, enabling 1348

the model to continually learn new task features. 1349

During this process, to avoid the accumulation of er- 1350

rors, noise, or biases that may emerge as the model au- 1351

tonomously generates and reuses its own training data, man- 1352

ual verification of selected portions of the newly constructed 1353

datasets is often required. This human-in-the-loop valida- 1354

tion ensures data reliability and prevents the model from 1355

reinforcing incorrect representations or learning spurious 1356

task features that could compromise overall performance. 1357

Separately, researchers designed reward functions to lever- 1358

age reinforcement learning for Continuous Reinforcement 1359

Learning (CRL). CRL addresses limitations of traditional 1360

continuous learning by enabling agents to persistently learn, 1361

adapt to new tasks, and retain prior knowledge. Thus, inte- 1362

grating CRL could empower MuSEM to perform efficient 1363

autonomous continuous learning while executing complex 1364

ABSA tasks, thereby optimizing accuracy across branch 1365

tasks. Finally, while MuSEM successfully establishes con- 1366

nections across different branch tasks, relationships between 1367

distinct E2E tasks (i.e., different patient reviews) remain rel- 1368

atively independent. Therefore, our plan involves connecting 1369

diverse patient reviews into a unified corpus. Subsequent 1370

sub-tasks will not only extract task features from the current 1371

humble task but also leverage techniques like text similarity 1372

detection to access desired features from all prior tasks. This 1373

will create a “massive task feature repository” for utilization 1374

by all subsequent E2E tasks and sub-tasks. 1375

5.2. H-ABSA 1376

To address the issue of overly coarse sentiment category 1377

in current ABSA tasks for patient reviews, we propose 1378
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Table 15
Ablation Experiments for Few-shot and CoT Directive. Statistical significance is evaluated against the full model (* 𝑝 < 0.05, **
𝑝 < 0.01).

ACD-1 Task ACD-2 Task ACSA Task IR Task

𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro

EM-1 0.8515 0.8233 0.6727 0.6560 0.9246 0.8395 0.9071 0.8812
w/o Few-shot 0.7628↓ 0.09∗∗ 0.7453↓ 0.08∗∗ 0.5997↓ 0.07∗∗ 0.6412↓ 0.01 0.7965↓ 0.13∗∗ 0.7440↓ 0.10∗∗ 0.8479↓ 0.06∗ 0.7806↓ 0.10∗∗

w/o CoT 0.8282↓ 0.02∗ 0.7927↓ 0.03∗ 0.6363↓ 0.04∗ 0.6219↓ 0.03∗ 0.8812↓ 0.04∗ 0.7954↓ 0.04∗ 0.8886↓ 0.02 0.8408↓ 0.04∗

w/o Few-shot and CoT 0.7483↓ 0.10∗∗ 0.7005↓ 0.12∗∗ 0.5831↓ 0.09∗∗ 0.5766↓ 0.08∗∗ 0.7724↓ 0.15∗∗ 0.7140↓ 0.13∗∗ 0.8097↓ 0.10∗∗ 0.7731↓ 0.11∗∗

EM-2 0.7780 0.6717 0.8242 0.8028 0.8529 0.7453 0.8897 0.8113
w/o Few-shot 0.7093↓ 0.07∗∗ 0.6209↓ 0.05∗ 0.7648↓ 0.06∗ 0.7482↓ 0.05∗ 0.7966↓ 0.06∗ 0.7010↓ 0.04∗ 0.8525↓ 0.04∗ 0.7743↓ 0.04∗

w/o CoT 0.7434↓ 0.03∗ 0.6471↓ 0.02 0.7808↓ 0.04∗ 0.7991↓ 0.00 0.8345↓ 0.02 0.7222↓ 0.02 0.8559↓ 0.03∗ 0.8086↓ 0.00

w/o Few-shot and CoT 0.6854↓ 0.09∗∗ 0.5961↓ 0.08∗∗ 0.7209↓ 0.10∗∗ 0.7014↓ 0.10∗∗ 0.7736↓ 0.08∗∗ 0.6708↓ 0.07∗∗ 0.8350↓ 0.05∗ 0.7562↓ 0.05∗

EM-3 0.7971 0.7592 0.7533 0.7246 0.9503 0.8837 0.9229 0.9031
w/o Few-shot 0.7217↓ 0.08∗∗ 0.7062↓ 0.05∗ 0.6839↓ 0.07∗∗ 0.6484↓ 0.08∗∗ 0.8703↓ 0.08∗∗ 0.8650↓ 0.02 0.8727↓ 0.05∗ 0.8574↓ 0.05∗

w/o CoT 0.7700↓ 0.03∗ 0.7147↓ 0.04∗ 0.7338↓ 0.02 0.6918↓ 0.03∗ 0.9127↓ 0.04∗ 0.8632↓ 0.02 0.8818↓ 0.04∗ 0.8764↓ 0.03∗

w/o Few-shot and CoT 0.7032↓ 0.09∗∗ 0.6639↓ 0.10∗∗ 0.6529↓ 0.10∗∗ 0.6070↓ 0.12∗∗ 0.8244↓ 0.13∗∗ 0.8089↓ 0.08∗∗ 0.8396↓ 0.08∗∗ 0.7983↓ 0.10∗∗

Table 16
Ablation Study of DCA, TCA, and DoRA Modules. Statistical significance is evaluated against the full model (* 𝑝 < 0.05, **
𝑝 < 0.01).

ACD-1 Task ACD-2 Task ACSA Task IR Task

𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro 𝐹1micro 𝐹1macro

Ours 0.8509 0.8267 0.8666 0.8434 0.9638 0.9022 0.9459 0.9176
w/o TCA 0.8442↓ 0.01 0.8214↓ 0.01 0.8661↓ 0.00 0.8430↓ 0.00 0.9443↓ 0.02 0.8615↓ 0.04∗ 0.9187↓ 0.03∗ 0.8894↓ 0.03∗

w/o DCA and TCA 0.8594↑ 0.01 0.8377↑ 0.01 0.8114↓ 0.06∗ 0.7931↓ 0.05∗ 0.9405↓ 0.02 0.8588↓ 0.04∗ 0.9109↓ 0.04∗ 0.8851↓ 0.03∗

w/o DoRA 0.6404↓ 0.21∗∗ 0.5578↓ 0.27∗∗ 0.7437↓ 0.12∗∗ 0.7188↓ 0.12∗∗ 0.8614↓ 0.10∗∗ 0.8155↓ 0.09∗∗ 0.8713↓ 0.07∗ 0.8590↓ 0.06∗

H-ABSA, which enables LLMs to perform ABSA tasks1379

with greater precision. However, researchers have noted1380

that different countries possess distinct healthcare environ-1381

ments, leading to varying priorities in medical focus [84].1382

For instance, in some regions, medical communication or1383

efficacy may be emphasized, in others, physician expertise1384

or cost may be prioritized, and in yet others, different as-1385

pects may take precedence. Importantly, the diversity and1386

flexibility of our model allow it to accommodate variations1387

in healthcare focus across different medical systems. Since1388

clinical priorities, patient expectations, and service delivery1389

models differ substantially between countries and even in-1390

stitutions, H-ABSA’s modular layered architecture can be1391

readily adapted to real-world scenarios. Specifically, each1392

aspect layer can be expanded, merged, or fine-tuned to reflect1393

specific healthcare practices, ensuring consistent analytical1394

performance across heterogeneous datasets. This flexibility1395

not only enhances cross-domain generalizability but also1396

reinforces the model’s applicability in diverse cultural and1397

clinical contexts.1398

On another front, as illustrated in Figure 3, we innova-1399

tively incorporated an IR task into the ABSA framework.1400

The IR task enhances management across any domain. For1401

instance, it helps determine the urgency level of a patient’s1402

comment based on whether they intend to suggest or com-1403

plain. For patients who express strong complaints or use1404

abusive language, administrators should prioritize analyzing1405

the complaint content and resolving the matter promptly. 1406

Compared to patients offering calm suggestions, those voic- 1407

ing complaints or abuse require more immediate attention 1408

due to the higher urgency of their concerns. Therefore, using 1409

the IR task to prioritize patients based on intent category is 1410

highly efficient and scientifically sound for administrators. 1411

Moreover, within the realm of medical applications, 1412

ABSA has consistently been a prominent research focus, 1413

encompassing multiple facets of healthcare. For instance, re- 1414

searchers employed ABSA to investigate public acceptance 1415

and attitudes towards COVID-19 vaccines [85]. Similarly, 1416

other studies utilised ABSA to explore public perceptions 1417

of government public health policies during the COVID- 1418

19 pandemic [86]. Furthermore, researchers have employed 1419

ABSA to analyse drug reviews, thereby evaluating drug 1420

efficacy and safety to enhance healthcare quality and rational 1421

medication use [87]. These studies demonstrate sufficient 1422

accuracy and adequate aspect categories at the application 1423

level. However, the application of ABSA to enhance health- 1424

care quality through patient reviews necessitates continuous 1425

refinement of sentiment granularity. As shown in Figure 1, 1426

insufficient aspect categories hinder the identification of spe- 1427

cific clinical departments responsible for improvements and 1428

impede the precise identification of patient dissatisfaction 1429

and needs, thereby limiting targeted healthcare management. 1430
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On the other hand, the outputs of the proposed frame-1431

work are inherently interpretable due to the hierarchi-1432

cal structure of the H-ABSA schema. In practical scenar-1433

ios, these structured outputs can support multiple down-1434

stream applications. First, at the operational level, healthcare1435

providers can use ABSA to identify specific service deficien-1436

cies. For instance, negative sentiment associated with sub-1437

aspects such as “waiting time” or “communication clarity”1438

can highlight bottlenecks in service delivery and guide tar-1439

geted improvements.1440

Second, at the management level, the results can be1441

aggregated and visualized in interactive dashboards, en-1442

abling administrators to monitor patient satisfaction trends1443

across different aspects, departments, or time periods. Such1444

dashboards can provide actionable insights for resource1445

allocation, service optimization, and policy adjustments.1446

Third, the integration with decision-support systems allows1447

automatic detection of critical issues and prioritization of1448

interventions. For example, frequent complaints related to1449

safety or treatment effectiveness can trigger alerts for further1450

investigation, supporting data-driven clinical governance.1451

Moreover, the modular design of the proposed framework1452

facilitates customization for different healthcare systems.1453

The hierarchical aspect schema can be adapted to reflect1454

local clinical practices, while the model outputs remain1455

interpretable and consistent across different deployment sce-1456

narios.1457

Therefore, this paper proposes a fine-grained aspect clas-1458

sification framework based on H-ABSA to assist in accu-1459

rately identifying department-level issues and capturing nu-1460

anced patient sentiments and intentions, thereby supporting1461

more precise and practically healthcare management.1462

5.3. Inference Efficiency and Practical1463

Applicability1464

The per-sample latency of MuSEM should be considered1465

when interpreting its practical applicability. As reported in1466

Table 14, MuSEM requires 24.8 seconds per sample on a1467

single NVIDIA RTX 4090 GPU, which is higher than that1468

of the single-model baselines. This increased inference time1469

is mainly caused by the sequential execution of multiple1470

expert models across the hierarchical subtasks. At the same1471

time, MuSEM remains deployable on a single consumer-1472

grade GPU, requiring 19.7 GB of VRAM, while achieving1473

substantially stronger E2E performance. This result indi-1474

cates a clear trade-off between inference efficiency and fine-1475

grained analytical performance. Therefore, MuSEM is more1476

suitable for offline or batch-oriented healthcare feedback1477

analysis, where aspect-level accuracy, interpretability, and1478

clinical actionability are prioritized over real-time response1479

speed. For example, hospitals or healthcare platforms may1480

periodically analyze accumulated patient reviews to identify1481

recurring issues in communication, treatment effectiveness,1482

access to care, or facility environments.1483

This also clarifies the practical deployment scope of the1484

proposed framework. MuSEM is not intended as a real-time1485

conversational system or instant clinical decision-support1486

tool in its current form. Instead, it provides a deployable 1487

and privacy-preserving analytical framework for structured 1488

patient feedback mining. Future deployment-oriented op- 1489

timization could further reduce inference latency through 1490

expert parallelization, multi-GPU execution, model com- 1491

pression, quantization, or early-exit routing. 1492

5.4. Compared with existing approaches 1493

Compared with existing ABSA methods, the proposed 1494

framework has certain advantages and limitations. First, 1495

unlike traditional coarse-grained labeling schemes [18], our 1496

hierarchical aspect taxonomy enables multi-level model- 1497

ing of patient reviews, which better aligns with real-world 1498

clinical evaluation processes. This design allows the model 1499

to capture both high-level categories and fine-grained sub- 1500

aspects, resulting in improved interpretability and more in- 1501

formative analysis outcomes. Second, instead of training a 1502

single large model from scratch, our multi-sLLM paradigm 1503

leverages and orchestrates existing models through a struc- 1504

tured pipeline. This design not only reduces training cost 1505

but also enables flexible integration of heterogeneous expert 1506

models, making the framework more adaptable to different 1507

tasks and domains. 1508

Third, in contrast to existing LLM-based approaches 1509

that primarily rely on scaling model parameters to improve 1510

performance, our MuSEM framework adopts a multi-expert 1511

collaboration strategy based on small-scale LLMs. By in- 1512

troducing specialized expert routing and cross-task feature 1513

sharing, the framework effectively integrates complemen- 1514

tary knowledge across tasks, achieving strong empirical per- 1515

formance without relying on large-scale models. However, 1516

these advantages come with certain trade-offs. Due to the 1517

sequential invocation of multiple expert models, the infer- 1518

ence process incurs higher latency compared to single-model 1519

approaches. In addition, the construction of the hierarchical 1520

aspect taxonomy relies on domain expertise, which may 1521

introduce additional annotation costs when extending to new 1522

domains. Finally, although the model demonstrates good 1523

generalization across datasets, its performance may still be 1524

influenced by domain-specific variations in patient reviews. 1525

5.5. Limitations 1526

Although MuSEM demonstrates strong performance and 1527

flexibility in complex ABSA tasks, the model still has 1528

certain limitations that need to be addressed sequentially 1529

in future work. First, although MuSEM achieves improved 1530

performance through multi-expert collaboration, this design 1531

also introduces additional inference latency. As shown in 1532

Table 14, MuSEM requires 24.8 seconds per inference, 1533

which is higher than the baseline LLMs, whose inference 1534

times range from approximately 5.2 to 10.3 seconds. This 1535

is acceptable for offline patient review analysis and batch- 1536

level healthcare management, where real-time response is 1537

not always required. However, the increased latency may 1538

limit its applicability in real-time or interactive systems, 1539

such as online decision-support dashboards or live feedback 1540

monitoring platforms. Future work will therefore explore 1541

inference acceleration strategies, such as parallel expert 1542
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execution, model compression, and more efficient routing1543

mechanisms.1544

Second, the methods and models developed in this study1545

were trained and optimized exclusively for English text,1546

without extension to other languages. Their performance and1547

generalization capabilities remain unverified in multilingual1548

environments, particularly for low-resource languages. But1549

the hierarchical aspect schema can be adapted through aspect1550

re-mapping, where primary aspects remain stable while sub-1551

aspects are adjusted to reflect domain-specific or cultural1552

differences. In addition, the modular multi-expert design1553

allows efficient adaptation via few-shot fine-tuning, enabling1554

the framework to generalize to new settings with limited1555

additional data. Future work will focus on optimizing in-1556

ference efficiency and exploring training and adaptation on1557

multilingual corpora to enhance the model’s practicality and1558

applicability.1559

6. Conclusions1560

This study addresses the limitations of existing ABSA1561

methods in patient review processing, including insufficient1562

classification granularity, challenging data annotation, high1563

training difficulty, and poor accuracy, by proposing the H-1564

ABSA and MuSEM frameworks. Results demonstrate that1565

our approach significantly enhances model performance and1566

sentiment granularity for ABSA tasks targeting patient re-1567

views. Specifically, H-ABSA constructs a hierarchical la-1568

beling system supports multi-level analysis from semantics1569

to sentiment. Meanwhile, MuSEM decomposes the com-1570

plex ABSA task into four subtasks and synergizes multiple1571

lightweight sLLM EM. This achieves high accuracy with1572

low-cost local deployment. In the end-to-end ABSA task,1573

it achieves 𝐹1𝑚𝑖𝑐𝑟𝑜 and 𝐹1𝑚𝑎𝑐𝑟𝑜 scores of 0.82 and 0.81,1574

respectively, significantly outperforming base models. This1575

research not only contributes to improved analytical perfor-1576

mance but also proposes a sustainable and computationally1577

efficient solution pathway for complex NLP tasks. Future1578

research will focus on enhancing MuSEM’s cross-lingual1579

generalization capabilities, exploring CRL mechanisms to1580

strengthen the model’s adaptive optimization and enhance1581

the overall operational efficiency of the model. These efforts1582

aim to further elevate the system’s practical value in real-1583

world healthcare management scenarios.1584
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