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Abstract: Small Language Models (SLMs) are emerging as transformative tools in healthcare 

AI, offering an optimal balance between task performance, privacy, and computational 

efficiency. Unlike Large Language Models (LLMs), which require substantial infrastructure 

and raise privacy concerns, SLMs are designed for domain-specific applications in real-time, 

resource-constrained clinical settings. This narrative-evolutionary review traces the 

development, capabilities, and deployment of SLMs across key healthcare domains, including 

clinical documentation, decision support, mental health, and telehealth. It outlines enabling 

technologies such as model compression, federated learning, and edge deployment that 

facilitate secure and efficient operation within sensitive healthcare infrastructures. To assess 

their clinical utility, we introduce a domain-relevance matrix and evaluate SLMs using both 

conventional and deployment-aware metrics, such as latency, memory usage, and compliance 

with data regulations. The review also identifies critical research gaps in benchmarking 

practices, data diversity, and explainability. We emphasize the importance of collaborative data 

ecosystems, standardized evaluation protocols, and socio-technical governance to ensure safe, 

multimodal, and regulation-compliant integration of SLMs in healthcare workflows. Overall, 

our findings position SLMs as a scalable, transparent, and context-aware solution for 

advancing real-world medical NLP, especially in scenarios demanding adaptability, 

trustworthiness, and decentralized AI performance. 
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INTRODUCTION 

 

Artificial Intelligence (AI) has significantly transformed healthcare, enhancing diagnostics, 

patient care, clinical decision-making, and operational efficiency [1]. AI-driven tools now 

enable faster and more accurate diagnoses, automated documentation, and personalized 

treatment. One of the most transformative applications of AI is Natural Language Processing 

(NLP), which facilitates the analysis of electronic health records (EHRs), radiology reports, 
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clinical notes, and patient-provider communications [2]. These technologies have streamlined 

clinical workflows and accelerated biomedical research, drug discovery, and AI-powered 

engagement through medical chatbots and virtual assistants. 

 

Large Language Models (LLMs) such as GPT-4, BioBERT, Med-PaLM, and ChatGPT have 

demonstrated advanced capabilities in contextual reasoning and biomedical knowledge 

extraction [3, 4]. Trained on large-scale datasets comprising clinical trials, scientific literature, 

and healthcare dialogues, LLMs support tasks including disease diagnosis, summarization of 

research findings, outcome prediction, and administrative task automation. Their ability to 

generate coherent, human-like responses has made them valuable for decision support in 

clinical environments. However, despite these benefits, their deployment in real-world 

healthcare faces significant limitations [5–7], including high computational demands, limited 

interpretability, privacy vulnerabilities, and reliance on cloud infrastructure. These factors 

challenge their compliance with regulations like HIPAA and GDPR and complicate their 

integration in high-risk medical workflows, where trust and transparency are essential. 

 

To mitigate these challenges, researchers are turning to Small Language Models (SLMs) 

compact, efficient NLP models tailored for healthcare environments [8, 9]. More formally, 

SLMs denote lightweight neural architectures tailored for domain-specific language tasks, 

engineered to operate under constraints of computation, latency, and data privacy. Designed 

for strong task-specific performance with minimal computational overhead, SLMs are well-

suited for decentralized, real-time, and regulation-sensitive deployments such as rural 

hospitals, mobile health applications, and wearable medical devices. Unlike LLMs, they can 

run locally, reducing latency and data exposure, and enhancing compliance with regulatory 

standards. Their explainable nature and ethical design further support adoption in high-stakes 

healthcare contexts. Importantly, SLMs are gaining traction in diverse clinical applications, 

including structured documentation, radiology report summarization, clinical triage, and AI-

based medical assistance. Their adaptability allows deployment in low-connectivity areas, 

broadening access to AI-enabled care. Additionally, SLMs align with emerging demands for 

privacy-preserving, energy-efficient, and transparent AI systems. This shift reflects a growing 

recognition of the need for AI models that are not only powerful but also socially responsible 

and deployable. 

 

In spite of the progress, the current literature remains limited in its systematic examination of 

SLMs. Whilst much of the focus has been on LLMs in healthcare [10–13], few studies have 

explored the technical evolution, deployment readiness, or domain-specific impact of SLMs. 

There is also a lack of clarity on how SLMs may offer more feasible and ethical solutions to 

longstanding challenges in AI-driven healthcare. This literature review aims to fill that gap by 

examining the development, applications, and implications of SLMs in healthcare AI. The 

study is guided by the following research questions: 

 

• What key technological advancements have enabled the development of SLMs for 

healthcare applications? 

• How do SLMs compare to LLMs in computational efficiency, privacy preservation, and 

real-world adaptability? 
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• What challenges remain in implementing SLMs in clinical settings, and how can future 

research address them? 

 

This review is structured as follows: Section 2 outlines the fundamentals of Small Language 

Models (SLMs) and their distinctions from LLMs. Section 3 traces the evolution of AI in 

healthcare. Section 4 examines real-world SLM applications in clinical settings. Section 5 

compares SLMs and LLMs, highlighting research gaps. Section 6 evaluates SLM performance 

on efficiency and privacy. Section 7 introduces a domain-relevance matrix to assess impact. 

Section 8 discusses key limitations and the future directions. Finally, section 9 concludes with 

synthesized insights and recommendations. 

 

Methodology: Narrative-Evolutionary Approach 

This review employs a Narrative-Evolutionary approach, a hybrid methodology that combines 

historical analysis with an evolutionary lens to trace the development of Small Language 

Models (SLMs) in healthcare. Grounded in narrative synthesis frameworks in health research 

[14] and models of technological evolution [15], this method is mainly suited to fast-moving 

domains where terminology, use cases, and design paradigms evolve rapidly. Unlike traditional 

scoping or systematic reviews that organize studies thematically or by outcome, the Narrative-

Evolutionary lens offers a temporal perspective, mapping developmental momentum, surfacing 

inflection points, and aligning fragmented research under the emerging SLM umbrella. This is 

essential for understanding not just what changed in medical NLP, but how and why. 

 

Rather than presenting isolated findings, this approach constructs a coherent, chronologically 

structured narrative that highlights key transitions, technological breakthroughs, and contextual 

constraints shaping SLM adoption. It emphasizes continuity and causality, linking past 

advancements to present capabilities and future directions. Importantly, prior to 2024, many 

domain-specific lightweight models were not explicitly labelled as "SLMs," hindering 

conceptual consolidation. This review retrospectively unifies them under the SLM framework, 

clarifying their cumulative impact on medical AI. Though narrative in structure, the 

methodology maintains scholarly rigour through a transparent, multi-step process of literature 

sourcing, selection, and synthesis.: 

 Framing the Review Scope and Research Questions: The review began by 

identifying core research questions focused on the emergence, differentiation, and 

application of SLMs in healthcare. This ensured conceptual alignment with the 

evolutionary perspective, emphasizing longitudinal trends, turning points, and gaps. 

 Search Strategy Development: To ensure comprehensiveness, this review adopted a 

structured yet flexible literature retrieval strategy. Within the healthcare domain, 

databases such as PubMed, IEEE Xplore, ACM Digital Library, and arXiv were 

systematically searched. The search terms evolved in line with the maturation of the 

field, beginning with keywords like “lightweight transformer,” “domain-specific 

NLP,” “clinical BERT,” and “on-device NLP.” As the terminology gained clarity, 

mostly in 2023–2024, more targeted terms such as “Small Language Models (SLMs)” 

were included to capture emerging works explicitly addressing compact, domain-

specific models. This iterative approach allowed the review to reflect both historical 
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progression and the evolving language of the field, capturing foundational contributions 

as well as recent empirical advancements. 

 Chronological Curation and Thematic Mapping: Retrieved articles were not only 

categorized by topic but mapped along a temporal axis to establish a historical 

trajectory. Each model or contribution was positioned within its respective 

developmental wave (e.g., rule-based era, statistical NLP, deep learning, transformer 

compression). 

 Identification of Technological and Conceptual Inflection Points: Key turning 

points were identified based on shifts in methodology (e.g., introduction of knowledge 

distillation), application settings (e.g., move from lab to edge deployment), and 

emerging concerns (e.g., interpretability, privacy, cost). These helped frame the review 

as an evolving narrative. 

 Narrative Synthesis: The selected works were synthesized into a cohesive storyline, 

focusing not just on technical progression, but on contextual drivers such as clinical 

needs, regulatory environments, and deployment challenges. This narrative lens helped 

surface broader patterns and causal relationships not evident in traditional thematic 

reviews. 

 Integration of Recent Empirical and Preprint Literature (2023–2024): Given the 

recency of the SLM discourse, especially as an explicit term, newer preprints and grey 

literature (e.g., SSRN, arXiv, conference proceedings) were incorporated to ensure 

coverage of the latest benchmarks, use cases, and conceptual shifts. 

 Conceptual Unification Under the ‘SLM’ Framework: Studies not originally 

labelled as SLMs were evaluated against definitional criteria (e.g., parameter size, 

deployment feasibility, domain specificity) and, if fitting, included to reflect the field’s 

latent but evolving identity. This ensured terminological consistency and analytical 

depth. 

To ensure inclusion quality, studies had to meet at least one of the following criteria: present 

empirical findings (e.g., benchmark scores), offer theoretical insights into model design, or 

demonstrate real-world healthcare applications. Studies were excluded if they lacked 

reproducibility, relied on speculative claims without technical detail, or focused solely on 

general-purpose LLMs. Thematic derivation followed an inductive, multi-phase coding 

process: after arranging studies chronologically, recurring patterns, such as modular fine-

tuning, privacy-preserving inference, and domain adaptation were identified and grouped into 

meta-themes aligned with key inflection points. This preserved both conceptual coherence and 

the temporal integrity essential to the Narrative-Evolutionary framework. 

 

In addition, four key design principles shaped the structure of this review. First, tracing the 

historical development of medical NLP that is from early expert systems to transformer-based 

models clarifies the emergence of SLMs as essential, resource-efficient alternatives to LLMs. 

Second, technological and regulatory turning points (e.g., knowledge distillation, model 

compression, domain-specific fine-tuning, and privacy-preserving AI) highlight how SLMs 

gained traction in healthcare. Third, the review adopts a structured, chronological narrative to 

make this evolution accessible to interdisciplinary readers. Finally, by reflecting on past 

challenges (e.g., inefficiencies, regulatory barriers) and projecting future directions (e.g., 
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federated learning, on-device inference, multimodal integration), the review offers a coherent 

roadmap for advancing ethically grounded, context-aware SLM development in clinical 

settings. 

 

Chronological Evolution of Language Models in Healthcare 

The development of language models in healthcare has been shaped by decades of 

advancements in NLP, deep learning, and AI-driven clinical applications. From early rule-

based expert systems to modern transformer-based models, each phase of evolution has 

contributed to making medical AI more efficient, scalable, and privacy-conscious. Fig. 1 

illustrates the chronological evolution of language models in healthcare, tracing key 

advancements from early rule-based systems such as MYCIN (1970s) [16] to modern 

transformer-based models like Med-PaLM [17] and BioGPT [18]. It highlights the transition 

from statistical NLP to deep learning, emphasizing the growing focus on privacy-preserving 

AI solutions in clinical applications. 

 

 
Fig.1. Language Model Development in Healthcare 

 

Early Rule-Based Systems (1970s–1990s) 

The earliest attempts at AI in healthcare relied on rule-based expert systems, where medical 

knowledge was represented through decision trees and manually crafted rules [19]. MYCIN 

[16] was among the first AI-driven medical systems, utilizing rule-based logic to assist in 

diagnosing bacterial infections and recommending antibiotic treatments. These systems were 

limited in adapting to real-world variability but played a foundational role in structured medical 

knowledge representation and later NLP applications in healthcare. To standardize medical 

terminology and facilitate NLP-based text analysis, the Unified Medical Language System 

(UMLS) [20] was introduced, creating a structured knowledge framework for biomedical 

applications. By the late 1990s, systems like SNOMED RT laid the groundwork for more 

structured clinical documentation [21]. These efforts culminated in the 2002 introduction of 

SNOMED CT (Systematized Nomenclature of Medicine – Clinical Terms) [22], which further 

streamlined medical documentation, enabling structured clinical coding and automated NLP-

driven interpretations in electronic health records (EHRs). 

 

Emergence of Statistical NLP and Machine Learning (2000s) 

The 2000s marked a transition from rule-based systems to data-driven NLP, leveraging 

probabilistic models for more flexible and context-aware medical text processing. Bag-of-
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Words (BoW) and Term Frequency-Inverse Document Frequency (TF-IDF) became widely 

used for biomedical text mining [23], clinical document classification [24], and drug discovery 

applications [25]. Although foundational, these methods enabled AI to extract patterns from 

unstructured medical text, paving the way for probabilistic models that improved clinical text 

mining. A breakthrough came with MetaMap, developed by the National Library of Medicine 

(NLM) [26], which enabled automated concept recognition in medical literature, significantly 

improving disease classification, information retrieval, and medical text summarization. 

 

Deep Learning Revolution in Clinical NLP (2010s) 

The 2010s witnessed a paradigm shift in medical NLP, where models transitioned from 

statistical pattern matching to contextual text understanding, enabling superior entity 

recognition, clinical summarization, and automated risk assessment [27-29]. The introduction 

of Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTMs) allowed for 

better handling of complex medical language, enabling improved EHR processing [30, 31], 

disease prediction [32, 33], and clinical summarization [34, 35]. This momentum led to the 

development of domain-specific transformer models, including BioBERT [36], which was 

trained on biomedical literature, enhancing named entity recognition (NER), question 

answering (QA), and relation extraction in medical applications. Following this, ClinicalBERT 

[37] was introduced to process unstructured EHRs, enabling AI-driven patient risk prediction 

and automated medical summarization. Around the same time, SciBERT [38] was developed 

to advance biomedical research NLP tasks, improving scientific document retrieval and 

knowledge discovery in the life sciences.  

 

Rise of Transformer-Based SLMs (2020s–Present) 

The 2020s marked a major shift towards transformer-based language model, emphasizing 

efficiency, adaptability, and privacy-conscious AI deployment [39, 40]. With the introduction 

of model compression and knowledge distillation techniques, researchers could retain the 

capabilities of large transformer models though reducing computational costs [41, 42]. 

DistilBERT [43] pioneered this approach, making real-time clinical NLP processing feasible 

on low-resource devices [44]. This was further improved by TinyBERT [45], a highly 

optimized transformer designed for on-device AI inference [46], allowing real-time medical 

text processing in hospitals, telehealth, and mobile health applications. Recognizing the need 

for medical question-answering AI, Med-PaLM [17] was developed as a large-scale model for 

medical QA, reinforcing the need for smaller, privacy-compliant alternatives in real-world 

clinical applications. Similarly, BioGPT [18], a transformer-based model specialized in 

biomedical text generation, enhanced AI-assisted medical documentation, and literature 

summarization, helping physicians and researchers process large volumes of medical 

knowledge faster. 

 

Thus, the evolution of language models in healthcare reflects a journey of continuous 

refinement, from the early rule-based expert systems to today’s advanced data-driven 

approaches. A new category has recently gained prominence: Small Language Models (SLMs), 

which are compact, efficient models designed for targeted tasks and resource-constrained 

environments [47]. SLMs are now driving progress toward more specialized, real-time, and 

privacy-preserving AI applications [8]. With an increasing shift toward on-device AI 
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processing, these models enable low-latency, privacy-conscious deployments covering 

hospitals, telehealth platforms, and wearable health devices. As the field advances, addressing 

critical challenges such as domain-specific adaptation, explainability, and ethical compliance 

will be essential to ensure the safe, trustworthy, and effective integration of language models 

into clinical workflows. 

 

Understanding Small Language Models (SLMs) 

Small Language Models (SLMs) are a specialized subset of NLP models that prioritize 

efficiency, domain adaptation, and computational accessibility [48]. In contrast to Large 

Language Models (LLMs), which may comprise billions to trillions of parameters and demand 

substantial computational resources, SLMs operate with significantly fewer parameters. This 

compact architecture makes them ideal for real-time, edge-based, and privacy-sensitive 

applications in healthcare. SLMs are particularly well-suited to low-resource environments, 

offering scalable, high-performance NLP solutions without the need for large-scale 

infrastructure. Their growing adoption includes clinical decision support systems, medical 

chatbots, and biomedical text mining. To clarify their distinct value, Table 1 compares SLMs 

and LLMs across key dimensions. 

 
Table 1. Comparative Analysis of SLMs vs. LLMs in Healthcare 

Feature Small Language Models (SLMs) Large Language Models (LLMs) 

Parameter Size Typically, 1 million to 500 million 

parameters 

Billions to trillions of parameters (e.g., 

GPT-4: ~1.5 trillion parameters) 

Computational 

Efficiency 

Optimized for low-power devices Requires high-end GPUs/TPUs 

Inference Speed Faster due to compact size Slower due to complex computations 

Resource 

Requirements 

Can run on local devices, mobile phones, 

or edge servers 

Needs cloud-based or distributed 

computing 

Privacy & Security Enables on-premise data processing, 

better for GDPR/HIPAA compliance 

Requires external cloud processing, 

increasing data security concerns 

Domain-Specificity Fine-tuned for clinical texts, radiology, 

genomics 

General-purpose, may need extensive 

fine-tuning 

Adaptability Suitable for personalized healthcare AI Challenging to personalize due to high 

data needs 

Cost & 

Accessibility 

Affordable & scalable for low-resource 

settings 

Expensive to train & deploy 

Explainability Easier to interpret due to smaller size and 

modularity 

Often opaque and harder to debug in 

clinical contexts 

  

While LLMs demonstrate strong capabilities in biomedical literature processing, diagnostic 

assistance, and clinical report summarization, their integration into healthcare systems remains 

limited due to several critical drawbacks: 

 High computational demands: Training and inference require substantial hardware 

investments. 

 Privacy concerns: Cloud-based processing raises significant compliance risks under 

HIPAA and GDPR. 
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 Latency issues: Inference delays hinder their use in time-sensitive or emergency 

contexts. 

 Low interpretability: The black-box nature of LLMs erodes clinician trust in their 

outputs. 

 

Moreover, studies have reported instances where LLMs like ChatGPT hallucinate medical 

information, fabricate citations, or generate unsafe clinical suggestions [49, 50], making them 

unsuitable for deployment in regulated, high-stakes environments. These limitations 

underscore the growing appeal of SLMs models that are smaller, faster, privacy-preserving, 

and tailored for clinical workflows. As healthcare increasingly integrates AI tools, the demand 

for transparent, domain-specific, and resource-efficient solutions positions SLMs as a 

compelling alternative to their larger counterparts. 

 

Key Characteristics of SLMs 

The unique advantages of SLMs stem from their efficiency, adaptability, and compliance with 

privacy regulations, making them a viable alternative to traditional AI models. 

 

Computational Efficiency and Edge Deployment 

One of the standout benefits of SLMs is their low computational footprint, which makes them 

highly suitable for edge computing, mobile apps, and resource-constrained environments [51]. 

Unlike Large Language Models (LLMs) that require substantial cloud infrastructure, SLMs are 

optimized to run locally on smartphones, embedded systems, or on-device processors without 

the need for constant internet connectivity or server support. This enables real-time 

performance in latency-sensitive scenarios such as customer service chatbots, IoT devices, 

smart assistants, and industrial automation systems. Their compact architecture and use of 

model compression techniques make them ideal for scenarios where speed, power efficiency, 

and responsiveness are critical. 

 

Domain-Specific Training and Adaptability 

SLMs are often fine-tuned on curated, domain-specific datasets, allowing them to outperform 

general-purpose models in specialized tasks [52]. Whether applied in legal tech, finance, 

education, or manufacturing, SLMs can be trained to understand the terminology and context 

of a particular industry. This leads to more accurate, context-aware outputs without the 

computational overhead required to retrain or adapt large models. Their adaptability ensures 

better performance in specific use cases like contract summarization, sentiment analysis, 

technical support, or personalized education tools, making them an effective solution when 

precision matters most. 

 

Real-Time Medical Decision Support 

SLMs are built for speed. Their lightweight nature ensures rapid inference, enabling them to 

provide instant feedback, predictions, or recommendations in various time-sensitive scenarios 

[53]. This makes them valuable for use in fields like customer engagement, fraud detection, 

intelligent tutoring systems, or operational analytics. In environments where decisions must be 

made quickly and accurately, SLMs enable seamless integration with existing software and 

infrastructure, delivering fast and relevant information when it’s needed most. 
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Privacy Preservation and Compliance with Medical Regulations 

In an era of increasing concern around data privacy and AI ethics, SLMs offer a clear 

advantage. Because they are compact and can be deployed on-premises or directly on user 

devices, they minimize the need to transmit sensitive data to external servers [54]. This 

approach strengthens user trust and simplifies compliance with data protection regulations such 

as GDPR, CCPA, and other industry-specific standards. By keeping data local, organizations 

maintain greater control over their AI systems, reduce the risk of breaches, and avoid over-

reliance on third-party cloud services without sacrificing access to powerful language 

capabilities. 

 

Energy Efficiency and Sustainability 

SLMs align with the growing emphasis on sustainable AI. Their reduced parameter size and 

computational requirements lead to significantly lower energy consumption compared to 

LLMs. This not only minimizes the environmental impact of model training and deployment 

but also makes SLMs suitable for settings where energy is a limiting factor, such as rural clinics, 

mobile health units, or off-grid environments. As green AI gains traction, the low carbon 

footprint of SLMs enhances their viability for responsible deployment. 

 

Modular Design and Ease of Integration 

SLMs are often developed using modular architectures, making it easier to plug them into 

existing digital ecosystems without extensive refactoring. Their smaller size and compatibility 

with standard NLP pipelines or embedded APIs allow faster prototyping and integration. This 

is especially beneficial for startups or small-scale deployments in healthcare and legal tech 

where agility and time-to-market are crucial. 

 

Together, these characteristics underscore the growing shift toward right-sized AI, where 

smaller, smarter, and more interpretable models are prioritized over brute-force computation 
 

Key Technological Advancements Driving SLMs in Healthcare 

The increasing relevance of SLMs in healthcare has been made possible through a series of 

significant breakthroughs in AI architecture and deployment. Advancements in transformer-

based modelling, coupled with strategies like knowledge distillation and quantization, have 

significantly reduced the computational burden of language models without compromising 

performance. Domain-specific fine-tuning has further improved accuracy in clinical tasks. 

Furthermore, federated learning (privacy-preserving technique in which models are trained 

locally on institutional data and only model updates, not raw data are shared) and edge AI 

(deploying models directly on local devices like smartphones or hospital monitors to enable 

real-time, offline inference) capabilities have addressed pressing concerns around data privacy, 

latency, and infrastructure constraints. These advancements collectively empower SLMs to 

operate in real-time, resource-constrained, and privacy-sensitive healthcare environments, 

paving the way for more ethical, efficient, and accessible AI-driven medical applications. 
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Transformer-Based Architectures and Efficient Model Scaling 

The transformer model, introduced by Vaswani et al. [55], revolutionized NLP through its self-

attention mechanism, allowing models to capture long-range dependencies more effectively 

than RNNs or CNNs. This breakthrough led to the creation of context-aware models suitable 

for complex biomedical tasks. However, traditional transformer-based models, such as BERT 

[56] and GPT-3 [57], were computationally expensive, making them impractical for real-time 

clinical use. The need for smaller and more efficient versions of transformers led to the 

development of distilled and optimized architectures, such as DistilBERT [43] and TinyBERT 

[45], which retained the core advantages of transformers while significantly reducing their size 

and computational footprint. These smaller models could now be deployed in low-resource 

environments, including mobile health applications and hospital IT systems, making real-time 

medical decision support feasible. 

 

Model Compression and Knowledge Distillation 

One of the most critical advancements in the development of SLMs has been the introduction 

of model compression techniques, which allow for reducing the size of large models without 

sacrificing accuracy, thus enabling their deployment in real-world healthcare environments. 

Knowledge distillation, introduced by Hinton et al. [58], plays a critical role in this process by 

allowing a smaller model (student model) to learn from a larger, pre-trained model (teacher 

model). This process transfers knowledge from complex, computationally heavy models to 

compact, efficient versions, making it possible to use high-performing AI models in real-world 

healthcare applications. Model pruning and quantization have further contributed to reducing 

memory and computational requirements, enabling SLMs to operate on embedded medical 

devices such as wearables, bedside monitoring systems, and mobile diagnostic tools. Recent 

advancements in quantization-aware training (QAT) [59] and low-rank matrix factorization 

[60] have improved the ability of compressed models to maintain high accuracy even when 

deployed in environments with constrained computational power. 

 

These techniques have proven especially effective in biomedical NLP, where models such as 

BioDistilBERT and ClinicalTinyBERT enable fast and accurate processing of electronic health 

records (EHRs), clinical trial data, and radiology reports, ensuring adherence to privacy 

regulations [61]. Further advancements have led to compact models like BioTinyBERT, 

BioMobileBERT, and CompactBioBERT, developed through strategies such as knowledge 

distillation and continual learning on domain-specific corpora like PubMed [61]. By offering a 

strong trade-off between computational efficiency and performance, these models are well-

suited for deployment in privacy-sensitive, real-world clinical environments and on low-

resource or edge devices. 

 

Domain-Specific Fine-Tuning for Medical NLP 

A major limitation of general-purpose LLMs, such as GPT-4 and ChatGPT, is their lack of 

domain specificity when applied to biomedical and clinical text [62]. Medical language is 

highly technical, and many general NLP models fail to understand medical jargon, clinical 

abbreviations, and disease-specific terminology. The introduction of domain-specific pre-

training and fine-tuning has been a game-changer in enhancing the relevance of NLP models 

in healthcare. 
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Pre-trained biomedical models such as BioBERT [36] and ClinicalBERT [37] have 

demonstrated that fine-tuning on domain-specific corpora significantly improves performance 

in medical text classification, question answering, and summarization tasks. The same principle 

applies to SLMs, which benefit from pre-training on smaller, highly curated medical datasets 

to improve their accuracy in real-world healthcare applications. By focusing on disease-

specific literature, radiology reports, and pharmaceutical interactions, SLMs can be optimized 

to function as specialized AI assistants for medical professionals. Furthermore, contrastive 

learning [47] and multi-task fine-tuning [63] have enabled SLMs to be more contextually 

aware, allowing them to generate more reliable, interpretable, and bias-reduced medical 

outputs. These improvements have made SLMs effective for triaging patient symptoms, 

analyzing clinical notes, and assisting with evidence-based medical decision-making. 

 

Federated Learning for Privacy-Preserving AI 

A major challenge in healthcare AI is ensuring data privacy and compliance with regulations 

such as HIPAA (Health Insurance Portability and Accountability Act) and GDPR (General Data 

Protection Regulation). Traditional AI models require centralized datasets for training, raising 

concerns about patient data security and confidentiality. 

 

Federated learning [64] has emerged as a key solution, allowing SLMs to be trained over 

multiple decentralized medical institutions without exposing sensitive patient data [65]. This 

approach enables hospitals and research centres to collaborate on AI model training in a 

privacy-preserving manner, ensuring that medical AI models become more robust and 

generalizable without compromising patient confidentiality. In federated learning settings, 

SLMs can be continuously improved on-site, within hospital networks, without the need for 

external cloud-based processing. This approach has benefited fields like radiology, pathology, 

and genomics, enabling models to learn from distributed, multi-institutional datasets without 

compromising data security. 

 

Advancements in Edge AI for On-Device Processing 

The integration of Edge AI with SLMs has further accelerated their adoption in healthcare by 

enabling real-time, low-latency AI processing on medical devices. Unlike cloud-based AI 

systems, which require internet connectivity and centralized servers, Edge AI allows language 

models to run directly on devices such as hospital servers, point-of-care testing tools, and 

wearable health monitors. Recent developments in hardware-optimized deep learning, such as 

Tensor Processing Units (TPUs) and low-power AI accelerators, have facilitated the 

deployment of efficient NLP models on portable healthcare devices [66]. These developments 

allow SLMs to analyze patient data in real time, providing instant guidance for clinical decision 

support without relying on cloud connectivity. 

 

The development of SLMs for healthcare has been driven by multiple technological 

advancements, each playing a critical role in improving model efficiency, domain specificity, 

and privacy compliance. Fig. 2 visually represents the five key advancements that have enabled 

SLMs to become viable for real-world medical applications. These include transformer-based 

architectures, model compression and knowledge distillation, domain-specific fine-tuning, 

federated learning for privacy preservation, and Edge AI for on-device processing. Together, 
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these advancements have made it possible to deploy fast, lightweight, and privacy-conscious 

AI solutions in clinical environments. 
 

 
Fig.2.  Key technological enablers that have accelerated the deployment of SLMs in real-world healthcare 

settings. 

 

SLMs are more than smaller alternatives to LLMs, they represent the future of practical, ethical, 

and scalable AI in healthcare. By offering real-time processing, privacy preservation, domain 

specialization, and cost efficiency, these models bridge the gap between AI development and 

real-world clinical adoption. Their ongoing evolution is set to power the next generation of AI 

solutions that emphasize efficiency, security, and patient-centred care throughout diverse 

healthcare environments. The following section outlines the key enablers driving the 

emergence of Small Language Models (SLMs) in healthcare, focusing on transformer 

architectures, model compression techniques, domain-specific fine-tuning, federated learning, 

and advances in edge AI. 

 

Prior Research on Small Language Models (SLMs) in healthcare 

The rapid advancement of AI in healthcare has spurred extensive research into the roles of both 

LLMs and SLMs in clinical tasks. LLMs like GPT-4 and Med-PaLM have demonstrated 

impressive capabilities specifically in medical education and knowledge synthesis but their 

deployment is limited by high computational demands, challenges in interpretability, and 

privacy concerns [67]. Recent systematic reviews [68, 69] have highlighted several limitations 

in how LLMs are currently evaluated pointing to a disproportionate focus on exam-based tasks, 

an underrepresentation of real-world clinical workflows (e.g., note-taking, triage, prescription 

generation), and insufficient attention to fairness, bias, and uncertainty. For example, Shool et 

al. [69] found that only 5% of LLM evaluations incorporated real patient care data, and 93.5% 

were based on general-domain models rather than clinical ones. Similarly, Bedi et al. [68] 

emphasize that evaluation dimensions like robustness and deployment feasibility remain 

underexplored, raising concerns about the practical readiness of LLMs in high-stakes 

healthcare contexts.  
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These limitations have catalyzed a growing shift toward the development and adoption of Small 

Language Models (SLMs). Designed with fewer parameters, domain specialization, and 

privacy-preserving capabilities, SLMs are increasingly recognized as more suitable for real-

time, on-device healthcare applications. Although the term “SLM” has gained formal 

recognition only in recent years, many earlier models, often labelled “lightweight,” 

“compressed,” or “distilled”, demonstrated the same core principles: reduced computational 

complexity, adaptability to limited-resource settings, and improved data compliance. As the 

field matured, especially post-2022, researchers began to collectively classify these models 

under the SLM umbrella, reflecting a unified design philosophy. What was once a dispersed 

set of advancements is now converging around a shared vision: developing efficient, task-

specific language models that can function reliably in sensitive and resource-constrained 

clinical environments. This section synthesizes findings from key studies published between 

2023 and 2025, offering an overview of how SLMs are being applied to various healthcare 

tasks. These works address a wide spectrum of applications, from clinical note summarization 

and question answering to named entity recognition (NER), triage support, and the 

development of explainable conversational agents. Together, they represent an evolving body 

of research that spans both academic inquiry and industry-led implementation efforts, 

illustrating the rising significance of SLMs in the healthcare AI ecosystem. 

 

2023 marked significant strides in enhancing the practicality of Small Language Models 

(SLMs) for healthcare applications. Guo et al. [70] demonstrated that SLMs fine-tuned with 

synthetic data generated by LLMs could outperform few-shot GPT-4 on medical question 

answering benchmarks like PubMedQA. Their use of low-rank adaptation and generative 

augmentation highlighted the effectiveness of resource-efficient fine-tuning without increasing 

model size. In parallel, Hasan et al. [71] introduced a robust ensemble-distillation pipeline that 

distilled clinical outcome predictions into a lightweight DistilBERT model. Trained on 

MIMIC-III for mortality and length-of-stay tasks, the student model retained 97% of the 

ensemble’s performance with a 70% reduction in parameters, offering a deployable solution 

for resource-constrained healthcare systems. 

 

2024 brought an expansion into multilingualism, multimodality, and domain specialization.  

Rohanian et al. [61] explored compressing clinical language models through knowledge 

distillation (KD) to improve efficiency without sacrificing performance. DistilClinicalBERT, 

TinyClinicalBERT, and ClinicalMiniALBERT were derived from BioClinicalBERT using 

distinct KD strategies. Additionally, continual learning on MIMIC-III was used to improve the 

performance of compact models like BioDistilBERT and BioMobileBERT for clinical NLP 

tasks. Wang et al.’s Apollo framework [72] pushed multilingual training with models up to 7B 

parameters, covering six world languages and enabling proxy-tuning to improve larger LLMs. 

Building on reasoning capabilities, the Meerkat family incorporated chain-of-thought (CoT) 

fine-tuning using medical textbooks, leading Meerkat-7B to surpass the USMLE threshold 

comparable to GPT-4 while remaining open source [73]. pRAGe, developed by Buhnila et al., 

[74] tackled hallucination in medical text generation by integrating SLMs with external 

knowledge bases and prompt-tuned paraphrasing, showing effectiveness even in quantized 

models like BioMistral-7B-SLERP for French medical explanations Wang et al. [75] 

benchmarked five state-of-the-art SLMs, including TinyLlama and Phi-3-mini, for mobile 
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health event prediction, demonstrating that these models achieve comparable or superior 

performance to LLMs in tasks like stress, fatigue, and readiness prediction. Their deployment 

on devices such as the iPhone 15 Pro Max highlighted significant efficiency gains up to 15.5× 

faster inference and 9.9× improvement in first-token latency highlighting SLMs' suitability for 

privacy-preserving, real-time healthcare applications. Qu et al. [76] addressed privacy-

sensitive deployment by applying targeted preprocessing to improve metastasis classification 

from unstructured EHR notes, using Gemma-2b and Gemma-7b models in secure, offline 

environments. To improve task-specific adaptability with minimal modification to pre-trained 

weights, Low-Rank Adaptation (LoRA) [77] was employed. Bjorkdahl et al. [78] added 

multimodal capability by integrating imaging, time-series, and text data using SLMs such as 

Phi-3-mini and Gemma-2B, paving the way for multitask disease risk prediction without task-

specific optimization. DeviceBERT [79] further emphasized vocabulary adaptation in 

regulatory language processing, improving BioBERT’s F1 score by over 13% for identifying 

medical device components from FDA recall summaries. 

 

Domain-specific modelling also gained traction. Gwon et al. [80] introduced HeartBERT, a 

cardiology-focused SLM trained on curated PubMed data, showing that department-specific 

models outperformed general medical ones. Griewing et al. [81] developed BC-SLM, a breast 

cancer SLM aligned with German clinical guidelines. Demonstrating 86% concordance with 

tumour board decisions and surpassing ChatGPT-4 in transparency, BC-SLM illustrates the 

potential of SLMs to enhance clinical decision support, alongside improving explainability and 

data governance. 

 

In the mental health domain, Diwakar and Raj [82] proposed a DistilBERT-based text 

classification approach to automate the diagnosis of mental health conditions such as anxiety, 

borderline personality disorder (BPD), and autism using data from online mental health 

communities. 

 

Their lightweight model achieved 96% accuracy on a balanced dataset, showcasing the efficacy 

of SLMs in enabling fast, scalable, and non-invasive mental health screening.. Kumar et al. 

[83] introduced AST-D; a transformer-based summarization system trained on the curated 

DepressiLex dataset comprising recent research in depression detection. The study evaluated 

multiple lightweight transformer models, including BART, T5, PEGASUS, ProphetNet, and 

Longformer-Encoder-Decoder (LED) for their ability to generate concise and clinically useful 

summaries. Among these, LED emerged as the most effective for distilling complex and 

lengthy mental health literature into actionable findings, highlighting the capability of small, 

task-optimized models in evidence synthesis. A companion study by the same group [84] 

proposed a hybrid Biomedical Entity Linking (BEL) approach that integrates full-text search 

with compact embedding models such as BioBERT, MetaMap, FastText, and Llama, alongside 

a custom Depression Entity Relevance Ranker (DERR). This system achieved 84% accuracy 

and 95% Hits@5 in linking symptoms, medications, and comorbidities to structured knowledge 

bases like DSM-5 and UMLS. By emphasizing computational efficiency, domain-specific 

tuning, and improved clinical interpretability, both studies exemplify the practical application 

of Small Language Models (SLMs) in supporting mental health diagnostics, especially in 

resource-constrained settings. 
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2025 has further refined the role of SLMs in both structured reasoning and real-time, user-

facing medical interfaces. Zong et al. [85] proposed EvidenceMap, a modular framework 

combining a 66M-parameter encoder-decoder with a 3B generator. Designed to mimic 

biomedical reasoning through evidence evaluation, logic modelling, and summarization, 

EvidenceMap outperformed an 8B retrieval-augmented LLM by nearly 20% in answer quality 

emphasizing the power of modular SLMs in high-fidelity medical QA. In a more patient-centric 

application, Magnini et al. [86] explored the feasibility of open-source SLMs as privacy-

preserving components of medical assistant chatbots. By deploying lightweight models entirely 

on personal devices for hypertension management, their architecture avoided cloud reliance 

and maintained data sovereignty. While Gemini Pro 1.5 remained the benchmark leader in 

intent recognition, several open-source SLMs demonstrated competitive performance in 

empathetic and semantically accurate responses, positioning SLMs as viable tools in 

telemedicine and chronic condition self-management. 

 

This trajectory of progress is reflected in Table 2, which synthesizes key contributions from 

recent research on Small Language Models (SLMs) in healthcare between 2023 and 2025. The 

table traces the evolution from early efforts in compact model development and distillation in 

2023, to the emergence of multilingual, multimodal, and privacy-preserving applications in 

2024, and further toward modular biomedical reasoning frameworks and patient-facing tools 

in 2025. This progression emphasises the increasing sophistication and specialization of SLMs, 

reinforcing their growing relevance and readiness for real-world clinical integration. 

 
Table 2. Key Contributions of SLM-Based Healthcare Research (2023–2025) 

Year Study / Model Focus Area Key Contribution Impact 

 

 

 

 

 

2023 

 

Guo et al. (SLM w/ 

Synthetic Data) [70] 

Medical QA Fine-tuning with GPT-

generated synthetic data 

Outperformed few-shot GPT-4 

on PubMedQA with a smaller 

model 

Hasan et al. 

(Distilled 

DistilBERT) [71] 

Clinical Outcome 

Prediction 

Ensemble + distillation 

on MIMIC-III for 

mortality/LoS (Length 

of Stay) 

97% of ensemble performance 

with 70% fewer parameters 

Rohanian et al. 

(BioDistilBERT 

etc.) [61] 

Biomedical NLP Knowledge distillation 

+ continual learning on 

PubMed 

Compact SLMs with 98% of 

BioBERT’s performance 

 

 

 

 

2024 

 

 

 

 

 

 

 

 

 

 

Wang et al. (Apollo) 

[72] 

Multilingual 

Medical NLP 

Proxy-tuning + 

multilingual corpora (6 

languages) 

Generalizable SLMs for global 

populations 

Meerkat-7B [73] Reasoning / 

Diagnostics 

Textbook-driven chain-

of-thought (CoT) fine-

tuning 

First open 7B model to pass 

USMLE threshold 

Buhnila et al. 

(pRAGe) [74] 

Paraphrasing / 

Explainability 

RAG + prompt tuning + 

French medical 

simplification 

Accurate paraphrases using 

quantized models like 

BioMistral-7B-SLERP 

Wang et al. 

(TinyLlama) [75] 

Mobile Health Quantized SLMs for 

wearable signals + 

latency optimization 

15.5× faster inference than 

GPT-4; real-time mobile health 

applications 

Qu et al. (Gemma-

7B for EHR) [76] 

Privacy-

Preserving 

Healthcare 

Regular-expression 

preprocessing + tuning 

on EHR notes 

High metastasis classification 

in secure, local setups 
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2024 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

LoRA for Task-

Specific Adaptation 

[77] 

Efficient Fine-

Tuning 

Low-Rank Adaptation 

(LoRA) to adapt SLMs 

with minimal parameter 

updates 

Enabled domain-specific 

tuning of SLMs with minimal 

computational overhead; 

critical for healthcare 

personalization and privacy 

Bjorkdahl et al. [78] Multimodal Risk 

Prediction 

Fusion of text, time-

series, and imaging 

with Gemma/Phi-3 

SLMs 

Scalable multitask disease 

prediction (12 tasks) 

DeviceBERT [79] Regulatory NER Vocabulary enrichment 

for sub-domain device 

identification 

+13% F1 score in low-data 

FDA contexts 

Gwon et al. 

(HeartBERT) [80] 

Cardiology Department-specific 

model built from 

scratch 

Outperformed general medical 

models in cardiac QA tasks 

Griewing et al. (BC-

SLM) [81] 

Oncology 

Decision Support 

Breast cancer SLM 

aligned with German 

clinical guidelines 

86% concordance with tumour 

board; explainable and 

transparent 

Diwakar & Raj [82] Mental Health 

Diagnosis 

DistilBERT classifier 

for anxiety, BPD, 

autism 

Achieved 96% accuracy on 

balanced mental health dataset 

Kumar et al. (AST-

D) [83] 

Mental Health 

Literature 

Summarization 

Summarization of 

depression research 

using multiple SLMs 

LED model most effective; 

reduces clinician cognitive 

load 

Kumar et al. (BEL 

for Depression) [84] 

Biomedical Entity 

Linking 

Hybrid of full-text 

search + embeddings + 

DERR ranker 

84% accuracy, 95% Hits@5 

for DSM-5/UMLS linking 

 

 

 

2025 

 

Zong et al. 

(EvidenceMap) [85] 

Biomedical QA Modular encoder-

decoder + evidence 

modelling 

19.9% better than 8B RAG 

model in answer quality 

Magnini et al. 

(Open-source SLM 

Chatbots) [86] 

Telemedicine / 

Patient Self-Care 

Fully local chatbot 

deployment on personal 

devices 

Reliable intent detection + 

empathetic responses without 

cloud reliance 

 

Fig. 3 presents a thematic mapping of these contributions, visually organizing the literature into 

six core application areas: Clinical Question Answering & Biomedical Reasoning, Clinical 

Outcome Prediction & Risk Stratification, Biomedical Entity Linking & Named Entity 

Recognition (NER), Real-Time, Privacy-Preserving & On-Device Healthcare, Multilingual & 

Domain-Specific SLMs, and Literature Summarization & Cognitive Support for Clinicians. 

This clustering reveals how SLM research has moved beyond proof-of-concept to address 

specific, high-impact tasks in both provider-facing and patient-facing contexts. 
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Fig.3. Thematic mapping of Small Language Model (SLM) applications in healthcare (2023–2025). 

 

 

Key Applications of SLMs in Healthcare and Their Transformative Potential 
Small Language Models (SLMs) are increasingly recognized as essential tools for enabling 

responsible, scalable, and context-sensitive artificial intelligence within diverse healthcare 

ecosystems. Unlike their larger counterparts, Large Language Models (LLMs), which often 

require significant computational resources and pose elevated risks to data privacy, SLMs offer 

a viable path toward real-time, privacy-conscious, and cost-effective AI deployment. Their 

compact architecture and fine-tuning adaptability position them as strategic assets in clinical 

environments constrained by limited infrastructure, strict regulatory requirements, and urgent 

decision-making scenarios. This section details six critical domains where SLMs are 

demonstrating transformative potential in modern healthcare delivery. 

 

Clinical Documentation Automation 

A foundational and significant application of SLMs is in the automation of clinical 

documentation processes. Physicians spend a substantial portion of their time recording clinical 

notes, entering diagnostic codes, and preparing discharge summaries, tasks that are essential 

but contribute significantly to administrative overload and clinician burnout. SLMs such as 

ClinicalMiniLM and DistilClinicalBERT, with their smaller parameter footprint and fine-

tuning capabilities, are increasingly used for automating note generation, transcribing patient 

interactions, and summarizing lengthy consultations. Unlike LLM-based systems that typically 

depend on cloud-hosted infrastructure and remote data transfer, SLMs can be securely 

deployed on-premise within hospital intranets. This enables real-time transcription and 

summarization, with strict adherence to data governance standards such as HIPAA in the 
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United States and GDPR in the European Union. Future iterations may enable automatic 

extraction of key medical concepts from unstructured notes and facilitate standardized data 

formatting, improving the interoperability of electronic health records (EHRs) between 

systems and jurisdictions. 

 

Clinical Decision Support 

In time-sensitive clinical settings such as emergency departments, intensive care units (ICUs), 

and point-of-care rural clinics, rapid and reliable decision-making is critical. SLMs are well-

positioned to serve as lightweight decision support systems that improve diagnostic accuracy 

without overwhelming the computational capacity of on-site infrastructure. Distilled models 

like ClinicalTinyBERT and DistilBERT, when fine-tuned on datasets such as MIMIC-III, have 

demonstrated high utility in predictive tasks including early detection of sepsis, abnormal lab 

result identification, patient triage prioritization, and recognition of drug interactions. Because 

SLMs can operate in low-latency environments and function offline, they are useful in clinical 

environments with limited or intermittent internet access. Furthermore, their ability to 

generalize within narrow clinical domains allows for integration into bedside dashboards, risk 

stratification tools, and hospital workflow systems, enabling scalable and explainable support 

for healthcare professionals. 

 

Patient-Facing Conversational AI 

SLMs are increasingly used to power patient-facing conversational agents that can operate in 

decentralized and privacy-sensitive contexts. In contrast to commercial LLM-based chatbots 

that often rely on internet-based APIs and data-sharing with third-party servers, SLMs provide 

a more secure, localized alternative suitable for healthcare environments. These conversational 

agents assist patients in a variety of ways, including symptom triage, medication adherence 

reminders, mental health self-assessments, and chronic disease check-ins. Models such as those 

developed by Magnini et al. [86] showcase how SLMs fine-tuned on intent recognition and 

dialogue datasets can maintain empathetic, context-aware conversations throughout multiple 

patient interactions, especially in settings where consistent clinical supervision is unavailable. 

Their reduced memory and power requirements allow them to be embedded within 

smartphones, tablets, or wearable health devices, thereby enabling equitable access in 

underserved, multilingual, or rural communities. Additionally, on-device processing ensures 

sensitive health conversations are not transmitted to external servers, strengthening patient trust 

and compliance with regional data protection mandates. 

 

Remote Monitoring and Wearable Data Integration 

SLMs are also gaining ground in the domain of remote patient monitoring, where continuous 

health data streams such as heart rate, oxygen saturation, sleep cycles, and stress markers are 

collected through wearable devices. By operating directly on edge devices, SLMs can perform 

lightweight, context-specific inferences that detect deviations from baseline health states and 

generate alerts for early intervention. Such deployment enables real-time anomaly detection 

without reliance on cloud infrastructure, offering advantages for patients with chronic illnesses 

who require ongoing monitoring. For instance, SLMs can detect early warning signs of atrial 

fibrillation, dehydration, or psychological distress, and respond with personalized 

recommendations or escalation triggers. Their compatibility with federated learning 
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frameworks further supports decentralized model training directly on user devices, thereby 

preserving privacy. This unlocks a new layer of autonomy in mobile health (mHealth) 

applications and expands the clinical utility of wearables beyond fitness tracking to medically 

actionable information. 

 

Medical Education and Clinical Training 

In medical education, SLMs offer real-time, interactive learning tools that adapt to the evolving 

needs of medical students and junior clinicians. These models, when fine-tuned on specialty-

specific corpora such as pharmacology guidelines or diagnostic protocols, can serve as bedside 

teaching assistants or digital preceptors. They provide concise explanations of diseases, drug 

mechanisms, and procedural steps, tailored to the learner’s current clinical context or specialty 

area. Unlike static educational resources, SLMs can simulate dynamic clinical scenarios, 

support question-answering during ward rounds, and offer multilingual support in globally 

diverse training programs. Their low computational footprint allows deployment on personal 

laptops or institution-owned devices, facilitating learning without breaching institutional 

firewalls or requiring cloud access. As digital pedagogy continues to evolve, SLM-powered 

tools are expected to complement traditional curricula and democratize access to high-quality 

clinical education globally. 

 

Biomedical Research and Knowledge Discovery 

The ability of SLMs to ingest, process, and synthesize vast quantities of unstructured scientific 

text is proving transformative in biomedical research. Models like BioDistilBERT and 

EvidenceMap [85] exemplify the power of fine-tuned SLMs in extracting meaningful 

information from clinical trial reports, pharmacovigilance data, and biomedical literature 

repositories. These systems can identify complex relationships such as gene-disease 

associations, drug-event patterns, and longitudinal trends within treatment cohorts. SLMs also 

support literature summarization and evidence synthesis, enabling rapid creation of briefings 

or systematic review summaries that would otherwise require manual effort. Regulatory bodies 

and clinical researchers alike benefit from these capabilities when performing drug safety 

evaluations or formulating evidence-based guidelines. Furthermore, the integration of these 

SLM outputs into biomedical knowledge graphs facilitates real-time hypothesis generation and 

supports data-driven precision medicine at scale. Their reduced memory footprint ensures that 

such tools can be deployed in research environments with limited computational budgets, 

further enhancing accessibility and replicability. 

 

To provide a high-level overview of these application domains, Fig. 4 presents a heatmap 

matrix illustrating the relevance and maturity of SLM adoption within core healthcare tasks. 

Cells are color-coded based on evidence from recent literature, where dark blue indicates 

mature applications with proven impact (score of 1), light blue indicates emerging use cases 

with growing interest (score of 0.5), and white denotes limited current applicability (score of 

0). This matrix serves as a decision-support tool for clinicians, developers, and policymakers, 

aiding in the strategic prioritization of future SLM integration efforts. 
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Fig. 4. SLM Applications Matrix within Healthcare Domains 

 

Challenges in Implementing SLMs in Clinical Settings and Future Research Directions 

This section examines the major challenges impeding the clinical implementation of SLMs and 

explores future research directions to improve their reliability, usability, and scalability in 

healthcare. 

 

Model Interpretability and Trustworthiness 

A critical barrier to SLM adoption in healthcare is the lack of interpretability and explainability 

in their decision-making process. Medical AI models must provide clinicians with clear, 

justifiable reasoning behind their outputs to ensure trust and clinical acceptance [87]. Unlike 

traditional rule-based expert systems, SLMs use deep learning architectures that operate as 

"black boxes", making it difficult for healthcare professionals to validate or understand their 

recommendations. To ensure trustworthy AI integration, future research must focus on 

developing explainable AI (XAI) techniques that can generate transparent, human-interpretable 

explanations for clinical predictions [88]. Methods such as attention visualization, saliency 

mapping, and counterfactual reasoning could be incorporated into SLM-based decision support 

systems to improve interpretability and physician confidence in AI recommendations. 

 

Data Availability and Bias in Medical AI 

SLMs are highly dependent on domain-specific training data, but access to large, high-quality 

medical datasets remains a challenge due to privacy restrictions, patient consent regulations, 

and institutional barriers [89]. Unlike LLMs, which are trained on massive publicly available 

corpora, SLMs require specialized clinical text, EHR records, and radiology reports to achieve 

domain-specific accuracy. However, imbalanced or biased training data can lead to systemic 

errors, disproportionately affecting underrepresented patient populations [90]. To address this, 

future research should focus on developing synthetic medical datasets that can simulate real-

world clinical scenarios without exposing private patient data [91]. Additionally, federated 

learning frameworks can allow hospitals to train SLMs collaboratively without sharing raw 
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patient data, ensuring privacy, improving model robustness and generalization over diverse 

populations [92]. Recent work by Kumar et al. [93] applied Federated Transfer Learning (FTL) 

for privacy-preserved emotion recognition using biomarker-based EEG data, demonstrating 

that domain-specific models can be collaboratively trained using decentralized health data 

sources without compromising user privacy. 

 

Integration with Clinical Workflows and Usability Concerns 

For SLMs to be effective in real-world medical applications, they must be seamlessly integrated 

into electronic health records (EHR) systems, hospital IT infrastructure, and clinical decision 

support platforms [94]. However, many existing healthcare systems lack standardized APIs and 

interoperability frameworks, making it challenging to incorporate AI-powered tools into 

routine medical practice. In addition, healthcare professionals are often reluctant to adopt AI-

based systems due to concerns about workflow disruption, increased cognitive load, and 

reliability issues [95]. To encourage SLM adoption, future research should focus on human-

centered AI design, ensuring that models provide clinically meaningful outputs that support, 

rather than complicate the physician workflows. Further investment in natural language 

interfaces for AI-driven clinical documentation could help reduce administrative burdens on 

physicians, improving usability and adoption rates [96]. 

 

Regulatory and Compliance Challenges 

The integration of SLMs in clinical practice is subject to strict regulatory scrutiny, given the 

high-stakes nature of medical AI. Compliance with frameworks such as HIPAA (Health 

Insurance Portability and Accountability Act), GDPR (General Data Protection Regulation), 

and FDA (Food and Drug Administration) guidelines remains a significant hurdle, as many AI 

models fall short on the explainability, transparency, and accountability standards required for 

safe clinical deployment [97, 98]. Although regulatory alignment is critical, it must also be 

supported by adherence to broader ethical principles that underpin trustworthy AI, namely 

fairness, transparency, privacy, accessibility, and compliance-readiness. Small Language 

Models (SLMs), by virtue of their lightweight, modular, and customizable nature, present 

unique opportunities to align more closely with these principles than conventional LLMs. This 

distinction is summarized in Table 3, which compares the ethical readiness of LLMs versus 

SLMs in healthcare AI. 
 
Table 3. Ethical Considerations in LLM vs. SLM Deployment for Healthcare AI 

Ethical Concern LLMs SLMs 

Data Privacy Cloud-based architectures risk 

patient data leakage 

Enables on-device and federated learning setups 

to preserve privacy 

Fairness Often trained on general-domain, 

biased datasets 

Can be fine-tuned on curated, demographically 

balanced clinical corpora 

Explainability Complex and opaque reasoning 

pathways 

Smaller size and modular design enable clearer 

interpretability 

Accessibility Requires high-end GPUs and energy-

intensive infrastructure 

Runs on low-resource hardware; ideal for rural or 

mobile health setups 

Compliance Limited transparency for audit trails Easier to integrate with regulatory auditing 

frameworks 

Regulatory bodies require that AI-driven healthcare tools demonstrate clinical efficacy, patient 

safety, and algorithmic fairness before approval for real-world use [99]. Given the smaller scale and 
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targeted nature of SLMs, they are well-positioned to meet these demands, provided appropriate 

safeguards and validation mechanisms are in place. To accelerate responsible adoption, future research 

should focus on creating AI auditing frameworks that offer regulators standardized, transparent methods 

for evaluating model performance, bias, and interpretability. Additionally, cross-disciplinary 

collaboration among AI researchers, clinicians, and legal experts is essential to co-develop ethical 

governance models that support real-world SLM deployment in medicine [100]. 

 

Scalability and Real-World Validation 

Most SLMs are trained and validated in controlled research environments, but their performance in real-

world clinical settings remains an open challenge. Healthcare is inherently complex and dynamic, with 

diverse patient demographics, varying clinical protocols, and evolving medical knowledge [101]. AI 

models that perform well in research trials often struggle in real-world hospital deployments due to 

dataset shifts, model drift, and unexpected clinical edge cases [89]. To ensure that SLMs can be 

effectively scaled and validated, future research should prioritize prospective clinical trials and post-

deployment monitoring frameworks that continuously assess model accuracy, safety, and usability in 

dynamic healthcare environments [102]. Additionally, adaptive learning techniques should be explored 

to allow SLMs to self-update in response to new clinical data, without compromising compliance with 

medical regulations. Finally, to further contextualize these challenges and the evolving readiness of 

SLMs in clinical environments, the following tables provide a complementary overview. Table 4 

outlines the current deployment maturity of SLMs in various clinical use cases, whereas Table 5 maps 

specific challenges to emerging technical and organizational enablers. 

 
Table 4. SLM Deployment Readiness Matrix 

Dimension Current Status Readiness 

Level 

Examples / Notes 

Clinical Documentation 

Automation 

Widely piloted Moderate to 

High 

Used in summarizing mental health records 

and automating structured note generation 

Real-Time Clinical 

Decision Support 

In early deployment Emerging Applied in mortality prediction, disease 

classification, and risk triage pipelines 

Privacy-Preserving 

Local Inference 

Technically feasible High Deployed on mobile devices using edge 

computing and federated learning strategies 

Regulatory Approval 

Pathways 

Lacking 

standardized criteria 

Low Alignment with clinical guidelines exists, 

but formal approvals remain limited 

Explainability Tools for 

SLMs 

Under research Low Efforts include modular reasoning, 

vocabulary tracing, and evidence-aware 

outputs 

Cross-Institution 

Scalability 

Experimentally 

validated 

Emerging Early trials with multilingual and federated 

frameworks ongoing 

Multimodal SLM 

Integration 

Very limited Very Low Few prototypes exist that integrate text with 

signals or imaging for diagnostics 

Legend: High = Practically deployable | Emerging = Under active research/testing | Low = Needs foundational 

work | Very Low = Experimental or conceptual stage. 
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Table 5. Key Barriers and Emerging Enablers in SLM Deployment 
Barrier Underlying Cause Potential Enabler 

Lack of model interpretability Transformer complexity (black-

box reasoning) 

Explainable AI techniques (e.g., 

attention maps, RAG) 

Limited access to diverse 

datasets 

Privacy laws, siloed health records Synthetic data, federated learning, 

cross-site agreements 

Clinician resistance to AI Workflow burden, low trust UX design, natural language interfaces, 

AI copilots 

Regulation gaps for compact 

AI models 

Lack of AI-specific clinical 

benchmarks 

Development of SLM-specific 

validation frameworks 

Computational scaling in 

diverse sites 

Infrastructure disparity among 

hospitals 

On-device inference, edge AI 

acceleration chips 

In parallel, it is equally important to consider how different stakeholders are impacted by SLM 

adoption. Table 6 provides a stakeholder-centric view, summarizing the benefits and value SLMs can 

offer to key actors in the healthcare ecosystem including clinicians, patients, hospitals, and regulators. 

 

Table 6. Stakeholder Impact Mapping for SLM Deployment in Healthcare 
Stakeholder Impact of SLM Integration 

Clinicians Reduces cognitive load via automated documentation, real-time triage support, and 

summarization tools. 

Patients Ensures data privacy and trust through on-device inference; improves access 

through empathetic chatbots and multilingual support. 

Hospitals / IT Teams Lowers deployment and maintenance costs; enables seamless integration with 

existing EHRs and supports infrastructure-light environments. 

Regulators / 

Policymakers 

Supports transparency and auditability via modular, explainable pipelines, aiding 

in compliance verification and ethical oversight. 

 

These tables collectively highlight how SLMs are transitioning from experimental concepts to real-

world viability, driven by targeted enablers that address current deployment bottlenecks and deliver 

measurable benefits to specific stakeholder groups. 

 

Future Outlook: Toward Responsible, Adaptive, and Multimodal SLMs in Healthcare 

The growing utility of Small Language Models (SLMs) in healthcare marks a significant shift toward 

scalable, domain-adaptable, and privacy-conscious AI systems. However, their sustained clinical impact 

will depend on coordinated progress across technical innovation, infrastructure readiness, regulatory 

alignment, and stakeholder trust. The next wave of SLM development is expected to be shaped by the 

following key trends: 

 Open-Source Medical SLMs and Benchmarking Initiatives: The shift toward transparency, 

accessibility, and customization has spurred the development of open-source SLMs tailored for 

medical applications. However, for these models to be meaningfully compared and evaluated, 

there is a pressing need for standardized benchmarking platforms. These benchmarks should 

go beyond academic QA datasets and reflect clinically relevant tasks, such as diagnostic 

reasoning, longitudinal note summarization, symptom triage, and treatment planning. Also, to 

support global applicability, benchmarks must incorporate multilingual corpora, 

underrepresented healthcare settings, and noisy, real-world data that more closely resemble 

actual clinical workflows. 

 Instruction-Tuned SLMs for Clinician-AI Collaboration: Instruction-tuning of SLMs using 

task-specific prompts aligned with real-world clinical responsibilities is emerging as a critical 

enabler of model usability and acceptance. Rather than requiring generic queries, these models 

should be optimized to interpret clinician intent through diverse interfaces, including voice, 
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text, and touch-based systems. Potential applications include generating discharge summaries, 

prioritizing lab results, flagging abnormalities, or responding to bedside queries during ward 

rounds. Emphasis on natural language interfaces, context-aware instructions, and structured 

outputs will be essential to reduce friction in human-AI collaboration at the point of care. 

 On-Device and Multimodal SLM Agents: Future SLMs will be expected to handle not only 

clinical text but also structured data (e.g., vitals, EHR entries), sensor data (e.g., from 

wearables), and visual data (e.g., scans and reports). This shift will enable the emergence of 

multimodal agents that can process complex signals and deliver real-time, privacy-preserving 

intelligence directly on mobile or edge devices. In low-resource settings or remote monitoring 

scenarios, such models could support early intervention, chronic disease management, and 

mental health tracking without relying on continuous cloud connectivity, thus ensuring better 

data control and latency optimization. 

 Collaborative Data Ecosystems and Synthetic Data Generation: Access to high-quality 

clinical datasets remains one of the primary bottlenecks in training and validating medical 

SLMs. Future success will depend on establishing multi-institutional consortia that facilitate 

collaborative data sharing through federated learning frameworks, protecting patient privacy 

and enabling model training across distributed datasets. Additionally, techniques for synthetic 

clinical data generation, including medical text simulation and controlled anonymization, must 

be advanced to mitigate data scarcity and reduce sampling biases. These approaches will be key 

in supporting SLM generalizability across hospitals, specialties, and patient demographics, in 

parallel with compliance to emerging regulations on data minimization and privacy-by-design. 

 Explainability and Clinician Trust Calibration: As SLMs are embedded deeper into 

healthcare workflows, their explainability will become a non-negotiable requirement for 

clinical trust and adoption. Future work must integrate transparent reasoning modules such as 

attention heatmaps, counterfactual explanations, or SHAP-based visualizations to justify model 

decisions in lay clinical terms. This can enable actionable audit trails, promote shared decision-

making, and assist with medico-legal documentation, particularly in high-stakes diagnostics or 

therapeutic planning 

 Continuous Learning and Model Adaptation in Clinical Environments: Unlike static 

deployments, future SLMs must support lifelong learning via feedback loops from clinicians 

and evolving EHR data. Techniques like incremental fine-tuning, reinforcement learning with 

human feedback (RLHF), or prompt-based continual learning can ensure that SLMs remain up-

to-date with emerging medical knowledge, drug interactions, or guidelines without catastrophic 

forgetting. Implementing secure, on-site adaptation pipelines will also reduce turnaround for 

domain shifts and local context sensitivity. 

 Socio-Technical Governance and Trustworthy AI Frameworks: Beyond technical 

accuracy, the success of SLMs in healthcare will rely on embedding them within broader socio-

technical governance structures. This includes AI assurance audits, bias assessments across 

demographics, and involving clinicians in participatory design. Development frameworks must 

align with evolving regulations (e.g., GDPR, HIPAA, EU AI Act, FDA’s AI/ML Software as a 

Medical Device Guidance) to ensure safety, fairness, and accountability. 

 Expanded Evaluation Frameworks Differentiating SLMs from LLMs: As SLMs move 

toward real-world deployment, future evaluation must extend beyond accuracy to include 

metrics attuned to their operational context. Unlike LLMs, which emphasize benchmark 

performance, SLMs demand assessment through latency, energy use, compliance score, 

explainability rank, and Clinical Alignment Score (CAS), reflecting adherence to medical 

guidelines. These metrics are vital for real-time, privacy-preserving, and resource-constrained 
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healthcare settings. Standardized leaderboards and tools capturing these dimensions will be key 

to enabling transparent, responsible adoption. 

 

CONCLUSION 

 
Small Language Models (SLMs) represent a critical shift in the evolution of AI in healthcare, offering 

an effective, ethical, and adaptable alternative to the dominant paradigm of Large Language Models 

(LLMs). As global health systems contend with challenges related to data privacy, infrastructure 

constraints, and the demand for domain-specific intelligence, SLMs are emerging as a viable solution. 

Their ability to operate on low-power devices, enable real-time inference, and align with regulatory 

frameworks makes them well-suited for deployment in diverse clinical environments, from tertiary 

hospitals to rural clinics. This review systematically examined the emergence and trajectory of SLMs 

through historical and technological lenses, identifying key enablers such as transformer 

miniaturization, model compression, domain-specific fine-tuning, federated learning, and Edge AI 

integration. We illustrated how SLMs are already transforming healthcare functions, including clinical 

documentation, diagnostic support, patient-facing conversational agents, and biomedical knowledge 

discovery, especially where responsiveness, data security, and cost-efficiency are critical. 

 

To support broader adoption, several challenges must still be addressed: interpretability, robustness, 

clinical workflow integration, and compliance with evolving regulatory standards. The lack of 

standardized evaluation benchmarks and real-world validations continues to impede high-stakes 

deployment. Moving forward, we offer the following stakeholder-specific recommendations: 

 

 For developers: Prioritize transparent and auditable model design, incorporate domain 

adaptation capabilities, and validate performance in real-world settings. 

 For health system leaders: Invest in infrastructure for Edge AI deployment and staff training, 

especially in low-resource environments. 

 For regulators: Establish context-aware benchmarks for SLM performance, including 

interpretability, equity, and data governance metrics. 

 

SLMs are not merely smaller LLMs, they are foundational enablers of inclusive, efficient, and ethically 

aligned AI in healthcare. Beyond mapping their evolution, this review offers actionable 

recommendations. Theoretically, it clarifies the latent structure of the SLM landscape and illustrates the 

utility of narrative-evolutionary synthesis for interdisciplinary research. Practically, it highlights the 

relevance of SLMs in privacy-preserving, resource-constrained contexts offering scalable pathways for 

AI-driven care. These recommendations are intended to guide future model design, policy frameworks, 

and translational research within diverse healthcare domains. 
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