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PAPER

Smart Medical Robots: Dynamic LLM Routing 
for Question-Answering Systems

ABSTRACT
Inefficient non-clinical information delivery in medical centers burdens patients and staff, 
despite the potential of LLM-enhanced humanoid robots. Practical deployment faces critical 
hurdles: high cloud-LLM latencies, on-robot computational limits, and lacking secure, distrib-
uted knowledge sharing under strict privacy regulations. This paper introduces Dynamic LLM 
Routing for Smart Medical Robots, a framework designed for clinical question-answering sys-
tems. Our hybrid edge-cloud architecture integrates three core innovations: a dynamic LLM 
selection mechanism routing queries based on context (complexity, domain, and urgency), an 
optimized edge computing layer for privacy-preserving local processing, and an intelligent, 
privacy-preserving caching system enabling secure knowledge sharing and continuous learn-
ing. Evaluated on 7,500 authentic hospital queries, our system achieved a 50% reduction in 
average response latency (0.62s vs. 1.23s), an 89.7% completion rate, and a 62% reduction in 
external data transmission (73% cache hit rate). These results demonstrate our framework’s 
efficacy in enabling scalable, efficient, and privacy-compliant AI-powered humanoid robots 
for critical healthcare information delivery.
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1	 INTRODUCTION

The efficient and timely dissemination of non-clinical information within large 
medical centers remains a persistent challenge, significantly impacting patient 
experience, operational efficiency, and the workload of healthcare professionals. 
Patients frequently encounter difficulties navigating complex hospital environ-
ments, understanding medication specifics, and triaging their symptoms, lead-
ing to prolonged wait times and elevated anxiety [1], [2]. Recent studies by the 
Healthcare Information Management Systems Society reveal that patients spend 
an average of 18–25 minutes per hospital visit seeking basic non-clinical infor-
mation, while healthcare staff dedicate approximately 15–20% of their time to 
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addressing routine inquiries unrelated to direct patient care [3], [4]. This diver-
sion of clinical staff time for administrative queries, such as directions, pharmacy 
locations, or general procedural questions, contributes to workflow bottlenecks 
and exacerbates the growing phenomenon of healthcare worker burnout [5]–[7]. 
Furthermore, patients frequently struggle with critical medication-related ques-
tions (e.g., cost, interactions, side effects) and symptom triage (e.g., “emergency or 
urgent care?”), which require medical knowledge typically beyond administrative 
staff, yet directing every inquiry to clinical personnel creates unsustainable work-
flow disruptions [8]–[11].

Traditional approaches to address these information gaps have proven 
inherently inadequate for the complexities of modern healthcare demands. Static 
information kiosks lack conversational capabilities and adaptability to individual 
patient literacy and language preferences [12], [13]. Digital signage provides limited 
directional assistance [14]. While mobile applications and web portals offer compre-
hensive information, they often present accessibility barriers for vulnerable popula-
tions, such as elderly individuals or those with visual impairments, and frequently 
lack real-time integration with dynamic hospital information like current wait times 
or temporary department relocations [15]–[17]. These solutions fundamentally fail 
to offer the personalized, real-time, and accessible support required in the dynamic 
healthcare environment.

The emergence of interactive communication technologies has created new pos-
sibilities for addressing healthcare information delivery challenges. Initial attempts 
with voice-activated systems and chatbots provided conversational interfaces for 
patient inquiries [18], [19]. However, these text-based or voice-only solutions often 
lack the visual and social cues crucial for effective healthcare communication, par-
ticularly for anxious patients who benefit from non-verbal reassurance and contex-
tual understanding [20], [21]. Research in healthcare communication consistently 
demonstrates that patients prefer face-to-face interactions for medical informa-
tion, as visual cues enhance trust, comprehension, and emotional comfort during 
potentially stressful healthcare encounters [22], [23].

Humanoid robots have emerged as a particularly promising solution, uniquely 
combining the accessibility of interactive technology with the social presence 
highly valued in healthcare settings. Unlike static displays or disembodied voices, 
humanoid robots can engage patients through familiar social interaction patterns, 
providing both verbal responses and appropriate non-verbal cues, such as gestures 
and facial expressions [24], [25]. Studies demonstrate greater patient acceptance 
and engagement with humanoid robots over screen-based interfaces for health 
information, especially among elderly individuals [26], [27]. These systems offer 
consistent availability without human staff limitations and can be strategically posi-
tioned to provide immediate assistance at critical decision points within hospital 
facilities [28], [29].

The integration of advanced natural language processing capabilities through 
large language models (LLMs) has fundamentally transformed the potential of 
humanoid robots in healthcare applications. Modern LLM implementations enable 
these systems to comprehend complex, conversational patient inquiries; access vast 
medical knowledge databases; and provide contextually appropriate responses 
that account for patient-specific factors (e.g., age, medical history) [30], [31]. Recent 
advances demonstrate near-human performance in medical question-answering 
tasks and the capability to adapt communication styles for diverse patient populations 
and literacy levels [32]–[34].
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However, implementing LLM-powered humanoid robots in clinical envi-
ronments presents significant technical and practical challenges that current 
solutions inadequately address. Cloud-based LLM processing often introduces 
response latencies of 2–5 seconds per query, disrupting conversational flow and 
patient engagement [35], [36]. The resource-intensive nature of comprehensive 
medical knowledge processing frequently exceeds robot-embedded hardware 
capabilities, necessitating external processing that raises critical privacy con-
cerns regarding patient data transmission [37], [38]. Furthermore, existing sys-
tems often lack mechanisms for knowledge sharing across multiple robots within 
hospital networks, limiting collective learning and creating inconsistencies in 
information delivery [39], [40]. Privacy and security considerations further com-
plicate deployment, forcing healthcare organizations to choose between power-
ful cloud-based models risking data exposure and limited local models unable to 
provide comprehensive medical information [41]–[46]. This trade-off results in 
systems that either compromise patient privacy or deliver inadequate informa-
tion quality, neither of which meets the stringent standards required for clinical 
deployment.

To address these multifaceted limitations, this paper proposes a framework 
for Smart Medical Robots: Dynamic LLM Routing for Clinical Question-Answering 
Systems. Our approach incorporates three key innovations that collectively solve the 
performance, privacy, and scalability challenges facing current implementations. 
First, we introduce a dynamic LLM selection mechanism that intelligently routes 
medical queries based on real-time contextual analysis (e.g., query complexity, 
domain specificity, and urgency), ensuring an optimal balance between response 
accuracy and processing efficiency. Second, we present an optimized edge comput-
ing architecture specifically designed for healthcare environments, enabling local 
processing of sensitive queries while maintaining secure connections to cloud-based 
resources for complex medical reasoning tasks. Third, we develop an intelligent, 
privacy-preserving caching system that facilitates secure knowledge sharing across 
robot networks, enabling continuous learning while adhering to strict patient data 
protections.

Our experimental evaluation, conducted using a comprehensive dataset of 7,500 
authentic hospital queries collected across three medical centers, demonstrates sub-
stantial improvements across multiple performance dimensions critical for clinical 
deployment. Specifically, our system achieves a 50% reduction in average response 
latency compared to cloud-only approaches, while maintaining superior accuracy 
scores and completion rates. Furthermore, our privacy-preserving architecture 
reduces external data transmission by 62% compared to traditional cloud-dependent 
systems, effectively addressing key regulatory concerns while enabling advanced AI 
capabilities.

The remainder of this paper is organized as follows: Section 2 reviews relevant 
work in healthcare robotics, LLM integration, and edge computing technologies. 
Section 3 presents our proposed methodology, detailing the theoretical framework 
and the system architecture. Section 4 describes the experimental setup, evaluation 
metrics, and comprehensive results from hospital settings, including user satisfac-
tion metrics and clinical workflow impact analysis. Finally, Section 5 discusses the 
implications for clinical deployment.
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2	 RELATED WORK

Healthcare robotics has evolved dramatically from simple rule-based assistance 
systems to sophisticated AI-driven platforms capable of complex question-answering  
interactions. Comprehensive surveys by Silvera-Tawil [1] and Abu Mukh [36] doc-
ument this transformation, revealing how robotics has transitioned from basic 
task automation to critical patient information delivery systems. Recent systematic 
reviews further demonstrate the expanding scope of assistive robotics in healthcare 
contexts. Bakouri et al. [45] provide a comprehensive analysis of autonomous wheel-
chair navigation technologies, highlighting how advanced control strategies and 3D 
localization systems significantly improve user independence and safety outcomes. 
Their findings demonstrate the critical importance of autonomous control mecha-
nisms in healthcare robotics, reinforcing the need for intelligent decision-making 
systems in patient-assistance technologies. Early healthcare robotics relied pri-
marily on predefined response systems that, while effective for routine inquiries, 
suffered from limited adaptability to unexpected questions and struggled with nat-
ural language variations [37]. Recent advances in interactive medical technologies 
demonstrate the effectiveness of immersive systems in healthcare environments, 
with virtual reality-based educational platforms showing significant improvements 
in user engagement and learning outcomes among medical professionals [47]. 
These findings support the integration of sophisticated human-computer interaction 
systems in clinical settings, establishing a foundation for AI-powered medical robots 
that require effective user engagement mechanisms.

The integration of machine learning technologies marked a significant advance-
ment in healthcare question-answering capabilities. Vincent et al. [4] pioneered 
ensemble learning models for clinical decision support, achieving notable improve-
ments in diagnostic accuracy and patient guidance, while Singh and Chatterjee 
[3] enhanced these systems through secure cloud integration. However, these 
approaches introduced new challenges, particularly regarding computational 
resource requirements and response latency. The integration of IoT-based smart 
healthcare monitoring systems with real-time decision-making capabilities demon-
strates the practical viability of automated medical alert systems and cross-platform 
data management [48]. Such architectures provide valuable insights for medical 
robot systems that must process sensor data, make autonomous decisions, and 
deliver timely responses to patient inquiries. The subsequent emergence of trans-
former-based language models, as demonstrated by Brown [9] and Devlin [8], 
enabled more natural and contextually aware patient interactions. Despite offering 
unprecedented language understanding capabilities, comprehensive analyses by 
Hu et al. [10] and Shao et al. [11] reveal that these systems face substantial imple-
mentation barriers, particularly regarding computational demands and real-time 
response requirements in clinical settings. The effectiveness of AI-driven health-
care robotics extends beyond technical performance to encompass patient engage-
ment and social interaction capabilities. Anagnostopoulou and Drigas [46] explore 
the integration of social robots with mindfulness practices in kindergarten settings, 
demonstrating that both humanoid and non-humanoid robots can effectively cap-
ture attention and motivate young patients. Their work emphasizes the importance 
of designing robots with balanced human-like and mechanical features to opti-
mize patient engagement, a principle that directly informs healthcare information 
delivery system design.
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Fig. 1. Edge computing architecture

To address the computational and latency limitations of cloud-dependent sys-
tems, edge computing technologies have emerged as crucial enablers for real-
time healthcare robotics operations, as illustrated in Figure 1. Wang et al. [17] 
and Shi et al. [21] provide comprehensive analyses showing how edge comput-
ing evolution has achieved significant improvements in latency reduction and 
resource utilization. Healthcare-specific implementations, such as the edge-fog-
cloud architectures proposed by Zaoui et al. [28], demonstrate effective informa-
tion processing across distributed networks but struggle with synchronization 
and consistency challenges across heterogeneous environments. Rafik et al. [29] 
address security challenges in e-health systems through secure processing technol-
ogies that protect patient data while enabling essential functionality, though these 
approaches frequently introduce additional processing overhead and deployment 
complexity.

The convergence of edge computing with healthcare robotics presents unique 
technological challenges in balancing immediate response capabilities with com-
prehensive information access [41], [42]. Al-Doghman et al. [18] explore secure 
microservices architectures that improve security through functionality compart-
mentalization but introduce potential coordination overhead. Complementing 
edge computing developments, sophisticated caching mechanisms have evolved to 
optimize healthcare robot communication. Liu et al. [26] demonstrate significant 
improvements in human-robot collaboration through advanced caching strategies 
that prioritize frequently accessed medical information, effectively reducing response 
latency while requiring careful management to ensure information currency.  
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Yin et al. [20] introduce hybrid genetic algorithms for optimizing service selection, 
improving resource allocation but requiring substantial initialization and mainte-
nance overhead.

Modern caching approaches incorporate multiple optimization dimensions for 
healthcare applications. Ghadi et al. [30] explore the convergence of mobile edge 
computing with 5G technologies, highlighting both latency improvements and secu-
rity challenges, while Wang et al. [31] demonstrate enhanced monitoring and diag-
nosis through optimized data processing. However, current caching strategies face 
significant limitations in dynamic healthcare scenarios, struggling to maintain cache 
coherence across distributed systems, balance cache size with update frequency 
for rapidly evolving medical information, and ensure information accuracy when 
disconnected from authoritative sources.

Despite these individual technological advances, the integration of diverse tech-
nologies into cohesive healthcare question-answering systems presents substantial 
unresolved challenges. Current implementations consistently struggle to balance 
response accuracy with interaction speed, often sacrificing one for the other. Cloud-
dependent approaches deliver high-quality responses but suffer from latency issues 
that disrupt natural conversation flow, while edge-only implementations provide 
rapid responses but lack the comprehensive knowledge required for complex 
medical inquiries. Privacy concerns further complicated integration, with exist-
ing systems frequently employing either inadequate security measures or overly 
restrictive protocols that impair functionality. Additionally, most current implemen-
tations lack effective mechanisms for continuous learning from interactions, limit-
ing their ability to improve over time and adapt to evolving medical knowledge and 
hospital dynamics.

Our proposed framework addresses these fundamental limitations through an 
integration approach that unifies dynamic model selection, edge computing, and 
intelligent caching in a single coherent system specifically optimized for healthcare 
question-answering. Unlike existing approaches that rely on static processing deci-
sions or single-tier architectures, our dynamic routing mechanism intelligently eval-
uates query complexity, domain specificity, and urgency in real-time to determine 
optimal processing placement across edge, fog, and cloud tiers. This approach enables 
balanced performance across multiple critical dimensions—response quality, inter-
action speed, resource efficiency, and privacy protection—while maintaining con-
sistent performance across varying healthcare scenarios. Our privacy-preserving 
caching system further differentiates this work by enabling secure knowledge shar-
ing across robot networks while ensuring strict patient data protection, addressing 
the critical gap between functionality and security that limits current healthcare 
robotics deployments. Through seamless coordination of local and distributed 
resources, our system achieves the optimal balance between comprehensive med-
ical knowledge access and real-time responsiveness that existing solutions have 
failed to deliver.

3	 PROPOSAL ARCHITECTURE

Our proposed Smart Medical Robot framework addresses the fundamental chal-
lenge of delivering responsive, accurate healthcare information through an inte-
grated edge-cloud architecture. The system dynamically balances computational 
load across multiple processing tiers while maintaining strict privacy requirements 
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and optimizing response quality. This section presents the theoretical foundation, 
architectural design, and algorithmic components that enable intelligent query rout-
ing and resource optimization.

3.1	 System architecture

The healthcare QA robot architecture implements a hierarchical processing model 
with four interconnected layers. Each layer provides specific capabilities while 
maintaining seamless communication with adjacent tiers, as illustrated in Figure 2.

The patient interaction layer serves as the primary interface, incorporating 
multimodal input processing through voice recognition, touchscreen interfaces, and 
environmental sensors. This layer performs initial query preprocessing and patient 
identification while ensuring natural conversation flow.

Fig. 2. Proposed architecture

The edge computing layer (robots) represents the robot’s local processing capa-
bilities, housing lightweight language models (Phi-3, Gemma-7B) optimized for 
common healthcare queries. As shown in the architecture, each robot contains a 
local LLM processing unit, a local cache for storing frequently accessed responses, 
and sensors & I/O components for patient interaction. The dynamic query routing 
mechanism operates at this layer, with the Query Classifier component determining 
whether queries can be processed locally or need escalation to higher tiers. This 
layer handles approximately 65% of routine inquiries, including hospital navigation, 
basic medication information, and appointment scheduling, ensuring sub-second 
response times while maintaining complete data privacy.

The fog computing layer functions as an intelligent intermediary, coordinat-
ing multiple robots through three key components: query router and synchro-
nized cache system. The caching framework operates prominently at this 
level, where the synchronized cache system enables rapid knowledge sharing 
across the robot network while reducing cloud dependencies. The fog layer main-
tains comprehensive validated responses and coordinates load balancing across 
multiple robots.

https://online-journals.org/index.php/i-joe
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The cloud computing layer provides access to advanced language models, includ-
ing GPT-4, Claude, and Gemini; a medical knowledge base; and analytics & moni-
toring services. This layer handles specialized queries requiring extensive medical 
knowledge, multi-step reasoning, or real-time medical database access. When the 
dynamic query routing system at the edge layer determines that queries exceed 
local capabilities, they are escalated through the fog layer to appropriate cloud 
services. Successful cloud responses contribute to the knowledge sharing mecha-
nism through anonymized learning processes that update the distributed caching 
framework across all layers.

3.2	 Dynamic query routing algorithm

Fig. 3. Dynamic query routing

The dynamic query routing algorithm, as illustrated in Figure 3, serves as 
the decision-making core of our healthcare QA system, orchestrating the flow of 
patient queries through a hierarchical processing architecture. This algorithm 
addresses the challenge of balancing response quality, processing speed, and 
resource efficiency in dynamic healthcare environments where query complex-
ity varies dramatically from simple directional questions to complex medical 
consultations.

Healthcare environments present unique routing challenges due to the 
diverse nature of patient inquiries and the critical importance of both accu-
racy and timeliness. Our algorithm implements a systematic approach that pro-
gresses through multiple processing layers, beginning with local resources and 
escalating to more powerful but higher-latency cloud services only when neces-
sary. This hierarchical processing strategy ensures optimal resource utilization 
while maintaining consistent response quality across varying system loads and 
query types.
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Algorithm: Dynamic Query Routing Decision Process

Input: Patient query q, System state S, Cache hierarchy C
Output: Response r, Updated cache system

1. BEGIN
2.    // Query Analysis and Classification
3.    query_features ← EXTRACT_LINGUISTIC_FEATURES(q)
4.    medical_domain ← IDENTIFY_MEDICAL_DOMAIN(query_features)
5.    complexity_level ← ASSESS_QUERY_COMPLEXITY(query_features, medical_domain)
6.    urgency_score ← EVALUATE_URGENCY_INDICATORS(query_features, context)
7. 
8.    // Local Cache Search
9.    local_result ← SEMANTIC_SEARCH_LOCAL_CACHE(q, C_local)
10.    IF local_result.confidence > LOCAL_THRESHOLD THEN
11.      RETURN local_result.response
12.    END IF
13. 
14.    // Fog Layer Processing
15.    fog_result ← SEMANTIC_SEARCH_FOG_CACHE(q, C_fog)
16.    IF fog_result.confidence > FOG_THRESHOLD THEN
17.     UPDATE_LOCAL_CACHE(q, fog_result.response)
18.     RETURN fog_result.response
19.    END IF
20.
21.    // Edge Model Processing
22.    IF complexity_level ≤ EDGE_CAPABILITY_THRESHOLD THEN
23.      edge_response ← PROCESS_WITH_EDGE_MODEL(q, medical_domain)
24.      IF edge_response.confidence > EDGE_CONFIDENCE_THRESHOLD THEN
25.        CACHE_RESPONSE(q, edge_response, C_local, C_fog)
26.        RETURN edge_response
27.      END IF
28.    END IF
29. 
30.    // Cloud Processing
31.    IF NETWORK_AVAILABLE() AND complexity_level > EDGE_CAPABILITY_THRESHOLD THEN
32.      cloud_model ← SELECT_OPTIMAL_CLOUD_MODEL(medical_domain, complexity_level)
33.      cloud_response ← PROCESS_WITH_CLOUD_MODEL(q, cloud_model)
34.      CACHE_RESPONSE(q, cloud_response, C_local, C_fog)
35. 
36.      // Retrain Local Models
37.      QUEUE_FOR_RETRAINING(q, cloud_response, medical_domain)
38. 
39.      RETURN cloud_response
40.    END IF
41. 
42.    // Fallback Processing
43.    fallback_response ← PROCESS_WITH_FALLBACK_MODEL(q)
44.    RETURN fallback_response
45. END

The algorithm begins with comprehensive query analysis to understand the 
nature and requirements of each patient inquiry, extracting linguistic features, 
identifying relevant medical domains, and assessing complexity levels to inform 
subsequent routing decisions. The processing flow follows a hierarchical approach, 
starting with local cache semantic search for frequently asked questions about 
hospital navigation and basic procedures, which provides response times under 
50 milliseconds. When the local cache fails, the system escalates to the fog layer 
cache that maintains synchronized responses across the robot network, enabling 
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knowledge sharing while maintaining sub-second response times. For new queries, 
the algorithm evaluates whether edge models can handle the processing require-
ments, typically managing 65% of moderately complex queries, including medi-
cation information and symptom triage guidance, through confidence threshold 
mechanisms that ensure acceptable accuracy levels.

Complex medical queries exceeding edge capabilities are routed to the cloud 
layer, where advanced language models provide comprehensive medical reason-
ing and access to extensive knowledge databases, with model selection considering 
both medical domain and query complexity. A critical innovation is the integration 
of continuous learning through retraining mechanisms that queue cloud-processed 
query-response pairs for incorporation into local model training, enabling edge mod-
els to gradually expand capabilities while maintaining privacy through anonymiza-
tion processes. The intelligent caching strategy employs insertion policies considering 
query frequency, medical importance, and temporal relevance, with high-frequency 
hospital information prioritized for local caching and specialized medical infor-
mation cached at the fog layer for network-wide access. This comprehensive rout-
ing algorithm enables intelligent, context-aware decisions that optimize trade-offs 
between response quality, processing speed, and resource utilization, ensuring 
efficient computational resource usage while maintaining consistent response 
quality across diverse healthcare information needs in clinical environments.

3.3	 Edge computing and caching framework

The edge computing framework implements an intelligent caching strategy across 
two levels to minimize response latency and reduce external dependencies. Each robot 
maintains a local cache Clocal storing frequently accessed, location-specific information, 
while the fog layer maintains a synchronized cache Cfog enabling knowledge shar-
ing across the robot network. This dual-level approach attempts to balance individ-
ual usage patterns with collective network knowledge, though we acknowledge that 
maintaining cache coherence across distributed systems presents inherent challenges.

Cache access function: For query q, the system searches cached responses using 
semantic similarity:

	 h q C
cached response if k sim q K

nucache

sim( ,� ) �
_ ,� � � � : ( ,� ) �

�
� � � �

lll otherwise,
�

�
�
�

��
	 (1)

Where sim(q, k) measures semantic similarity between the current query and 
cached entries and tsim represents the similarity threshold for cache hits.

Cache update strategy: The caching system employs a multi-factor insertion 
policy that considers query frequency, recency, and medical importance:

	 P(cache | q, r) = l1 ⋅ f (q) + l2 ⋅ rec(q) + l3 ⋅ imp(q)	 (2)

Where f(q) represents query frequency, rec(q) indicates temporal recency, imp(q) 
measures medical importance, and l1, l2, l3 are weighting factors with l1 + l2 + l3 = 1.

Local processing function: Each edge device processes queries using locally 
optimized models:

	 f q M
response if q Q

null otherwiselocal local

local( ,� )
, � � �

,�
�

��
�
�

���
	 (3)

Where Qlocal represents the subset of queries that local models can handle with 
acceptable quality thresholds.

https://online-journals.org/index.php/i-joe


iJOE | Vol. 22 No. 4 (2026)	 International Journal of Online and Biomedical Engineering (iJOE)	 53

Smart Medical Robots: Dynamic LLM Routing for Question-Answering Systems

3.4	 Knowledge sharing

Beyond improving response quality through dynamic routing and enhancing 
response speed via edge computing, our system addresses a critical challenge in 
healthcare robotics: enabling secure knowledge sharing between robots while main-
taining strict patient data protection. The framework implements privacy-preserving 
mechanisms that allow robots to learn from collective interactions without com-
promising individual patient confidentiality. When a robot successfully processes a 
query, the system performs automatic anonymization by removing personally iden-
tifiable information, patient-specific details, and location-based identifiers while 
preserving the medical relevance and educational value of the interaction. This 
anonymized knowledge is then propagated through the fog layer to other robots in 
the network, enabling the entire system to benefit from individual learning experi-
ences. The distributed learning approach ensures that improvements in one robot’s 
capability are shared across the network, creating a collective intelligence that con-
tinuously evolves while adhering to healthcare privacy regulations. This knowledge 
sharing mechanism represents a significant advancement over traditional isolated 
robot systems, as it enables hospitals to deploy multiple robots that can collec-
tively improve their performance without requiring centralized data collection or 
risking patient privacy breaches, ultimately creating a more intelligent and capable 
healthcare information delivery system.

4	 EXPERIMENTAL SETUP AND EVALUATION

4.1	 Experimental setup

We deployed our healthcare QA robot system in a simulated hospital environ-
ment that replicated three distinct clinical settings to evaluate the framework’s 
performance across diverse healthcare scenarios. This section provides a compre-
hensive description of the experimental infrastructure, dataset characteristics, and 
evaluation methodology.

Hardware infrastructure and system configuration. Our experimental test-
bed implements a three-tier edge-fog-cloud architecture designed to simulate a 
realistic hospital deployment, as illustrated in Figure 4.

Fig. 4. System architecture deployment

https://online-journals.org/index.php/i-joe


	 54	 International Journal of Online and Biomedical Engineering (iJOE)	 iJOE | Vol. 22 No. 4 (2026)

Vu et al.

•	 Hardware infrastructure: Edge layer (robots): Two virtual machines (Ubuntu 
22.04 LTS, 8 GB RAM, 4 vCPUs each) representing medical robots deployed at 
different hospital locations.

•	 Fog layer (server): One local server with NVIDIA RTX 4090 GPU (24GB VRAM) 
hosting local LLMs: Phi-3-mini-4k and Gemma-7B.

•	 Cloud layer: External APIs including GPT-4 (OpenAI), Claude 3.5 (Anthropic), and 
Gemini Pro (Google).

As shown in Figure 4, our system consists of four interconnected layers. The edge 
computing layer (robots) represents the robot’s local processing capabilities, housing 
lightweight language models optimized for common healthcare queries. Each robot 
contains a local LLM processing unit, a local cache for storing frequently accessed 
responses, and sensors and I/O components for patient interaction. The dynamic 
query routing mechanism operates at this layer, with the Query Classifier compo-
nent determining whether queries can be processed locally or need escalation to 
higher tiers. This layer handles approximately 65% of routine inquiries, including 
hospital navigation, basic medication information, and appointment scheduling, 
ensuring sub-second response times while maintaining complete data privacy.

The fog computing layer functions as an intelligent intermediary, coordinating 
multiple robots through three key components: query router, synchronized cache 
system, and privacy protection gateway. The caching framework operates prom-
inently at this level, where the synchronized cache system enables rapid knowl-
edge sharing across the robot network while reducing cloud dependencies. The fog 
layer maintains comprehensive validated responses and coordinates load balancing 
across multiple robots.

The cloud computing layer provides access to advanced language models, includ-
ing GPT-4, Claude, and Gemini; a medical knowledge base; and analytics and mon-
itoring services. This layer handles specialized queries requiring extensive medical 
knowledge, multi-step reasoning, or real-time medical database access.

Dataset. We evaluated our system using the HealthQA dataset [44], containing 
7,500 consumer healthcare questions spanning 17 medical specialties. The dataset 
provides realistic healthcare queries that patients commonly present at medical 
facilities:Query Complexity Categorization:

•	 Simple queries (35%): Hospital navigation, basic information (e.g., “Where is the 
radiology department?”)

•	 Moderate queries (45%): Medication information, procedures (e.g., “What are the 
side effects of aspirin?”)

•	 Complex queries (20%): Diagnostic scenarios, triage (e.g., “Should I go to urgent 
care or emergency for chest pain?”)

•	 Dataset split: Training set (6,000 queries), validation set (750 queries), test set 
(750 queries)

Experimental scenario. The evaluation follows a systematic experimental sce-
nario designed to comprehensively test the system across multiple configurations.

System Initialization: Deploy local LLMs (Phi-3-mini-4k, Gemma-7B) on the fog 
server, configure cloud API connections (GPT-4, Claude-3.5, Gemini Pro), establish 
network connectivity between robots and fog server, initialize caching systems at 
edge and the fog layers, and load the medical knowledge base.

For each query in the test set, the system follows the workflow illustrated in 
Figure 5: (a) User submits query to robot interface (voice or touchscreen); (b) Query 
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classifier analyzes complexity level, medical domain, and urgency; (c) Dynamic rout-
ing decision checks local cache (if found with high confidence, returns immediately), 
then checks fog cache (if found, returns and updates local cache), then processes 
with local LLM at fog layer (if confidence sufficient, caches and returns), or routes 
to cloud API for complex queries requiring advanced reasoning; (d) System logs pro-
cessing tier used, response time, and confidence score; (e) Delivers response to user.

Fig. 5. Query processing workflow

We test the same 750 queries from the test set on four different system 
configurations:

•	 Configuration 1 – Local-only: All queries processed by fog-deployed models (Phi-
3-mini-4k, Gemma-7B). Only fog models, no cloud access, no intelligent routing.

•	 Configuration 2 – Cloud-only: All queries routed directly to cloud APIs (GPT-4, 
Claude-3.5, Gemini Pro). Direct cloud API routing with no local processing.

•	 Configuration 3 – Edge-cache: Simple caching without intelligent routing 
(defaults to fog models with cloud fallback). Simple caching but no intelligent 
model selection.

•	 Configuration 4 – Our hybrid system: Full dynamic routing with intelligent 
model selection. Complete framework with adaptive model selection and 
intelligent routing.

4.2	 Comparison with local models

Table 1. Performance comparison across systems

Model RL (s) CR (%) BLEU

Llama-3-8B 1.11 78.5 0.32

Mistral-7B 0.91 80.2 0.35

Phi-3-mini-4k 0.06 75.8 0.28

Gemma-7B 0.87 79.6 0.33

Our proposal 0.62 89.7 0.45

Table 1 shows the comparison with local models, which reveals critical trade-offs 
in healthcare QA systems. While Phi-3-mini-4k achieved impressive speed (0.06s), 
its notably lower completion rate (75.8%) and BLEU score (0.28) indicate substantial 
limitations in handling complex medical queries. The larger models (Llama-3-8B, 
Mistral-7B, Gemma-7B) showed improved response quality but at the cost of signif-
icant latency increases. This illustrates the fundamental challenge in local model 
deployment: the inverse relationship between model size (thus capability) and 
response speed.

Our hybrid system addresses this challenge by dynamically utilizing lightweight 
models for appropriate queries while accessing more capable models when needed. 
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This approach enables our system to maintain near-real-time response (0.62s) while 
achieving superior completion rates (89.7%) and response quality (0.45 BLEU). The 
12% higher completion rate compared to Mistral-7B demonstrates our system’s 
ability to handle a significantly broader range of healthcare questions, particularly 
important for complex medical inquiries that smaller models struggle with.

4.3	 Comparison with cloud API models

Table 2. Cloud API performance comparison

Model RL (s) CR (%) BLEU

GPT API 1.23 85.3 0.41

Claude API 1.18 84.9 0.40

Gemini API 1.15 84.5 0.39

Our proposal 0.62 89.7 0.45

Table 2 shows the cloud API comparison, highlighting the limitations of purely 
cloud-based approaches for healthcare robotics. While these powerful models 
deliver impressive response quality, their significant latency (averaging ~1.2s) cre-
ates noticeable delays that disrupt natural conversation flow in clinical settings. 
The consistency across all three major API providers (GPT, Claude, and Gemini) 
suggests this is an inherent limitation of cloud dependence rather than a 
provider-specific issue.

Our hybrid system achieves a 50% reduction in response time while actually 
improving both completion rate and BLEU score compared to the best cloud models. 
This counterintuitive improvement—faster responses with higher quality—stems 
from our system’s intelligent distribution of processing. By handling straightforward 
medical queries locally and only routing complex questions to cloud models, we 
minimize average latency while leveraging cloud capabilities when their advanced 
reasoning is truly necessary. The 4.4% higher completion rate compared to GPT API 
further demonstrates how our hybrid approach can more effectively handle the 
diverse range of healthcare inquiries encountered in hospital environments.

4.4	 Ablation study

Table 3. Ablation study results

Architecture RL (s) CR (%) BLEU

Full System 0.62 89.7 0.45

No Cache 1.15 88.5 0.44

No Edge 1.42 87.2 0.43

Base Model 1.78 85.3 0.41

The ablation study in Table 3 reveals the critical contribution of each sys-
tem component and provides insight into their interdependence. Removing the 
caching system results in an 85% latency increase while maintaining similar 
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response quality, highlighting caching’s primary role in speed optimization rather 
than answer improvement. This significant performance degradation explains why 
simple query caching is essential for real-time healthcare interactions.

Disabling the edge computing architecture further degrades performance, with 
latency increasing to 1.42s—effectively matching cloud-only performance. This 
demonstrates that edge computing provides fundamental infrastructure for both 
caching and local processing, creating a multiplicative effect when combined with 
our other innovations.

The base model configuration, lacking all our enhancements, performs sub-
stantially worse across all metrics. The steady degradation pattern across increas-
ingly limited configurations provides strong evidence that each component of our 
system contributes meaningful improvements. Importantly, the completion rate 
shows less dramatic changes than latency, suggesting that our full system maintains 
high-quality responses even when processing more queries locally—a key advantage 
for healthcare applications where information accuracy is critical.

4.5	 Resource utilization

Our hybrid architecture demonstrated significant efficiency improvements, 
reducing cloud API calls by 62% compared to cloud-only approaches while main-
taining superior performance. The caching system achieved a 73% hit rate for 
common healthcare inquiries, significantly reducing both computational load and 
response latency. Local computational resources were efficiently managed through 
dynamic load balancing, with average CPU utilization remaining below 65% even 
during peak query periods.

These experimental results demonstrate that our hybrid approach successfully 
addresses the core challenges of healthcare QA systems. By integrating dynamic 
model selection with edge computing and intelligent caching, we have created a sys-
tem that delivers responsive, high-quality information while efficiently managing 
computational resources—representing a significant advancement for healthcare 
robotics applications.

5	 CONCLUSION

Our research presents a hybrid approach for healthcare question-answering in 
humanoid robots that effectively addresses critical challenges in medical informa-
tion delivery. By integrating dynamic LLM selection with edge computing and an 
adaptive caching system, we have developed a framework that significantly out-
performs existing solutions, as demonstrated by our comprehensive experimental 
results: 50% reduction in response latency compared to cloud-only approaches, 
superior completion rates (89.7%) across diverse medical domains, and improved 
response quality while reducing cloud API calls by 62%. These advancements cre-
ate more natural patient interactions through responsive communication while 
maintaining high-quality medical information—establishing a robust founda-
tion for the broader integration of AI-assisted healthcare information delivery 
in clinical settings, with promising future directions in multimodal interactions, 
domain-specific optimization, and privacy-preserving distributed learning across 
hospital networks.
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