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Abstract 
 

Clinical decision-making in low- and middle-income country (LMIC) healthcare settings is often constrained by the 

inability to efficiently synthesize longitudinal patient data stored within Electronic Medical Record (EMR) systems. 

While traditional clinical decision support systems (CDSS) rely on rule-based alerts, they lack the contextual 

reasoning required to interpret complex clinical notes for chronic conditions like epilepsy. Recent advances in 

transformer-based language models, including BERT-family models, and generative large language models (LLMs) 

offer promising approaches for clinician-initiated medical question-answering (QA). This study presents a systematic 

review evaluating the architectures, applications, and EMR integration of transformer- and LLM-based QA and 

related clinical decision-support systems, with implications for epilepsy management in resource-limited 

environments.  A structured search of primary biomedical and engineering academic databases was conducted to 

identify peer reviewed studies published up to 23 June 2026 related to CDSS, EMR-based decision support, and LLM 

applications in healthcare.  The synthesis indicates that transformer-based and generative language models 

demonstrate promising performance in controlled clinical QA evaluations, but evidence for their practical deployment 

as clinician-facing tools integrated with active EMR databases remains limited. Evidence is also limited concerning 

the use of these approaches to interpret complex, unstructured timelines required for longitudinal chronic disease 

management in LMIC infrastructure. LLM-based clinical QA represents a viable entry point for responsible machine 

learning in resource-constrained settings, but future research must shift from benchmark validation to assessing real-

world workflow compatibility and EMR integration constraints. 

 

Keywords: Transformer-Based Language Models; Large Language Models; Clinical Question-Answering; Clinical 

Decision Support Systems; Electronic Medical Records 

Introduction 

Data-driven decision-making is increasingly important in healthcare, where clinicians must interpret patient 

information collected across multiple encounters. Transformer-based language models have expanded the potential 

for natural language processing (NLP) to support the retrieval, interpretation, and synthesis of clinical information. 

These approaches include encoder-based models such as Bidirectional Encoder Representations from Transformers 

(BERT) and its biomedical and clinical variants, as well as generative large language models (LLMs) such as GPT-

family models. Although these technologies have demonstrated capabilities in medical language understanding and 

clinical question answering, performance on general medical benchmarks does not necessarily establish their 

reliability when processing patient-specific electronic medical record (EMR) or electronic health record (EHR) data 

(Singhal et al., 2023; Sutton et al., 2020). 

EMR and EHR systems contain structured information, including diagnoses, medications, and observations, alongside 

unstructured clinical notes and discharge summaries. Language-model-based clinical question answering may enable 
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clinicians to retrieve and synthesize information from these records through natural-language queries. For example, a 

clinician managing a patient with epilepsy may need to identify previously documented antiseizure medications, 

medication changes, adverse reactions, or treatment responses across multiple encounters. A patient-specific QA 

system could assist by locating and summarizing these documented events, provided that the information is available 

in the record and the output is evaluated for accuracy, completeness, and clinical relevance. Such systems are intended 

to support information access and clinical review rather than replace clinician judgment. 

The potential value of these approaches is particularly relevant to chronic conditions such as epilepsy, where care may 

require consideration of seizure history, medication changes, treatment response, and information recorded over time. 

However, many language-model evaluations use general medical knowledge, examination questions, or curated 

datasets rather than patient-derived clinical records. These evaluations provide useful evidence of language-model 

capabilities but may not capture the challenges of retrieving accurate information from longitudinal EMR/EHR data, 

including incomplete documentation, conflicting entries, temporal relationships, and clinically important omissions. 

Research on clinical decision support also emphasizes the need to assess system benefits alongside safety, workflow, 

and implementation considerations (Sutton et al., 2020). 

These issues are important in low- and middle-income countries (LMICs), including Kenya, where the applicability 

of clinical AI depends not only on model performance but also on the availability and quality of digital records, 

interoperability, infrastructure, governance, and integration into clinical workflows. Although language models may 

offer new ways to access patient-specific information, their feasibility and safety in routine clinical environments 

cannot be assumed from benchmark performance alone. Evidence from real-world EMR/EHR settings is therefore 

needed to understand how these systems are developed, evaluated, and implemented. 

This systematic review identifies, appraises, and synthesizes evidence on transformer-based and generative language-

model systems that use patient-derived EMR/EHR information for clinical question answering, retrieval, 

summarization, information synthesis, and related decision-support tasks. It examines model architectures, data 

sources, evaluation approaches, clinical involvement, safety, and implementation. Particular attention is given to the 

extent to which the available evidence informs the potential adaptation of clinical QA systems for epilepsy care in 

Kenya and other resource-constrained settings. The review does not assume epilepsy-specific effectiveness; rather, it 

identifies the evidence available and the research gaps that must be addressed before such systems can be considered 

for clinical use. 

Methods 

Study Design and Search Strategy 

This study was conducted as a systematic literature review to identify, appraise, and synthesize evidence on 

transformer-based and generative language-model systems that use patient-derived electronic medical record (EMR) 

or electronic health record (EHR) information for clinical question answering (QA), information retrieval, 

summarization, information synthesis, clinical assistance, and clinical decision support (CDS). The review included 

encoder-based transformer models, such as BERT-family architectures, generative large language models (LLMs), 

including GPT- and LLaMA-family models, and retrieval-augmented or other hybrid architectures when evaluated 

using patient-derived clinical information. 

The review was reported with reference to the Preferred Reporting Items for Systematic Reviews and Meta-Analyses 

(PRISMA) 2020 guideline (Page et al., 2021). The review was guided by the PICOS framework, with particular 

emphasis on language-model interventions evaluated using patient-specific clinical information and their reported 
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clinical, technical, and implementation outcomes. The synthesis was designed to characterize the available evidence 

rather than to establish the superiority of a particular model family or clinical task. 

PubMed/MEDLINE and IEEE Xplore were searched on 23 June 2026 for English-language, peer-reviewed studies 

published between January 2020 and 23 June 2026. The search strategy combined three main concept groups: 

transformer-based or generative language models; EMR/EHR systems or patient-record information; and clinical 

question answering, retrieval, summarization, clinical assistance, or decision support. Broader application terms were 

included to identify systems that process patient-specific clinical information even when their authors did not explicitly 

describe them as clinical QA systems. 

In PubMed/MEDLINE, the search used title and abstract fields, represented by the [tiab] field tag, and applied 

publication-date, English-language, and abstract-availability filters. In IEEE Xplore, the search combined 

corresponding language-model, clinical-record, and clinical-application terms within document titles and abstracts. 

Boolean operators were used to combine related terms within each concept group and to connect the three concept 

groups. The complete database-specific search strings are provided below to support reproducibility. 

The PubMed/MEDLINE search strategy was constructed using three concept groups combined with the Boolean 

operator AND. The first group identified transformer-based and generative language models, including BERT, 

BioBERT, ClinicalBERT, GPT, LLaMA, and related terms. The second group identified electronic medical records, 

electronic health records, clinical notes, and patient records. The third group identified clinical applications, including 

clinical decision support, question answering, information retrieval, retrieval-augmented generation (RAG), and 

clinical copilots. 

Within each concept group, alternative search terms were connected using OR, allowing records containing any of the 

listed terms to be retrieved. The AND operator then required records to match all three concept groups, narrowing the 

results to studies addressing language models, patient-record information, and relevant clinical applications. The [tiab] 

field tag restricted these terms to article titles and abstracts. Additional filters limited retrieval to English-language 

records with abstracts and publication dates within the specified period. This combination was intended to identify 

studies evaluating language models using patient-derived clinical information rather than studies concerned 

exclusively with general medical knowledge or examination questions. 

PubMed/MEDLINE search string 

( 

  ( 

    "large language model"[tiab] OR 

    LLM[tiab] OR 

    BERT[tiab] OR 

    BioBERT[tiab] OR 

    ClinicalBERT[tiab] OR 

    GPT[tiab] OR 

    "Med-PaLM"[tiab] OR 

    LLaMA[tiab] OR 

    transformer[tiab] 

  ) 

  AND 

  ( 

    "electronic medical record"[tiab] OR 

    "electronic health record"[tiab] OR 

    EMR[tiab] OR 
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    EHR[tiab] OR 

    "clinical notes"[tiab] OR 

    "patient records"[tiab] 

  ) 

  AND 

  ( 

    "clinical decision support"[tiab] OR 

    "question answering"[tiab] OR 

    "clinical question answering"[tiab] OR 

    "clinical information retrieval"[tiab] OR 

    "retrieval augmented generation"[tiab] OR 

    RAG[tiab] OR 

    "clinical copilot"[tiab] 

  ) 

) 

AND 

("2020/01/01"[Date - Publication] : "2026/06/23"[Date - Publication]) 

AND English[Language] 

AND hasabstract[text] 

IEEE Xplore search string 

( 

  ( 

    "Document Title":"large language model" OR 

    "Abstract":"large language model" OR 

    "Document Title":LLM OR 

    "Abstract":LLM OR 

    "Document Title":BERT OR 

    "Abstract":BERT OR 

    "Document Title":BioBERT OR 

    "Abstract":BioBERT OR 

    "Document Title":ClinicalBERT OR 

    "Abstract":ClinicalBERT OR 

    "Document Title":GPT OR 

    "Abstract":GPT OR 

    "Document Title":transformer OR 

    "Abstract":transformer OR 

    "Document Title":"Med-PaLM" OR 

    "Abstract":"Med-PaLM" OR 

    "Document Title":"LLaMA" OR 

    "Abstract":"LLaMA" 

  ) 

  AND 

  ( 

    "Document Title":EMR OR 

    "Abstract":EMR OR 

    "Document Title":EHR OR 

    "Abstract":EHR OR 

    "Document Title":"electronic medical record" OR 

    "Abstract":"electronic medical record" OR 

    "Document Title":"electronic health record" OR 

    "Abstract":"electronic health record" OR 
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    "Document Title":"clinical notes" OR 

    "Abstract":"clinical notes" OR 

    "Document Title":"patient records" OR 

    "Abstract":"patient records" 

  ) 

  AND 

  ( 

    "Document Title":"question answering" OR 

    "Abstract":"question answering" OR 

    "Document Title":"clinical information retrieval" OR 

    "Abstract":"clinical information retrieval" OR 

    "Document Title":"clinical assistant" OR 

    "Abstract":"clinical assistant" OR 

    "Document Title":"clinical copilot" OR 

    "Abstract":"clinical copilot" OR 

    "Document Title":"conversational AI" OR 

    "Abstract":"conversational AI" OR 

    "Document Title":"retrieval augmented generation" OR 

    "Abstract":"retrieval augmented generation" OR 

    "Document Title":"RAG" OR 

    "Abstract":"RAG" OR 

    "Document Title":"clinical decision support" OR 

    "Abstract":"clinical decision support" OR 

    "Document Title":"clinical question answering" OR 

    "Abstract":"clinical question answering" 

  ) 

) 

The IEEE Xplore search strategy followed the same three-concept structure as the PubMed/MEDLINE search, but 

used the database's field-specific search syntax. The expressions "Document Title" and "Abstract" restricted individual 

terms to the document title and abstract fields. Within each concept group, OR connected alternative terms, while 

AND linked the three groups: language models, clinical records, and clinical applications. This approach aimed to 

identify engineering and computer-science studies evaluating transformer-based or generative language models for 

clinical question answering, retrieval, summarization, or decision support involving patient derived records. The two 

database strategies used equivalent concepts while accommodating differences in database search syntax. 

Records retrieved from both databases were consolidated into a master screening dataset, and duplicate records were 

removed before title and abstract screening. Reference lists of eligible studies were also examined manually to identify 

potentially relevant primary studies that might not have been retrieved through the database searches. The number of 

records retrieved from each database and the subsequent study-selection process are reported in the Results section 

and illustrated in the PRISMA 2020 flow diagram. 

Eligibility Criteria 

Studies were eligible if they were peer-reviewed primary research; evaluated a transformer-based or generative 

language model; used patient-derived EMR/EHR information, clinical notes, discharge summaries, patient records, or 

structured or unstructured clinical data; and evaluated question answering, retrieval, summarization, information 

synthesis, clinical assistance, or clinical decision support. The eligibility criteria were defined a priori and reported in 

accordance with PRISMA 2020 guidance for specifying study inclusion and exclusion criteria (Page et al., 2021). 
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Studies using only general medical knowledge, examination questions, biomedical literature, or non-patient QA 

datasets were excluded, as were unrelated NLP tasks, reviews, editorials, protocols, commentaries, and preprints. 

Mixed-source studies were retained when the patient-derived component was independently evaluated; findings from 

external medical QA datasets were not treated as evidence of EMR-based performance (Page et al., 2021). 

Study Selection and Eligibility Audit  

A predefined protocol was developed before screening but was not prospectively registered. One reviewer conducted 

title/abstract screening, full-text assessment, extraction, and appraisal. Independent duplicate screening and inter-rater 

agreement were not performed (Page et al., 2021). Following an eligibility audit of the 22 initially included studies, 

19 were retained, two were classified as Mixed/Retain, and one was excluded because its reported evaluation used 

synthetic rather than real patient-derived clinical records. The final synthesis therefore included 21 studies (Page et 

al., 2021). 

Data Extraction and Quality Appraisal 

Data were extracted on study characteristics, clinical setting, patient-derived data, model architecture, retrieval/RAG, 

clinical task, evaluation, clinician involvement, implementation, safety, and limitations. Appraisal was adapted to 

study design and considered methodological validity, data provenance, evaluation, clinical applicability, safety, and 

reporting transparency. No numerical quality score was assigned  (Page et al., 2021; Viswanathan et al., 2018). 

Data Synthesis  
Because of substantial heterogeneity in clinical domains, datasets, architectures, tasks, and outcome measures, meta-

analysis was not appropriate. A structured descriptive and thematic synthesis was performed, focusing on model 

capabilities, EMR-based information processing, retrieval and QA, clinical applicability, safety, and implementation 

(Page et al., 2021; Popay et al., 2006). 

Results 

Study Selection and Eligibility Audit 

 
The systematic search identified 235 records: 171 from PubMed/MEDLINE and 64 from IEEE Xplore. After 

removal of seven duplicates, 228 records underwent title and abstract screening. Of these, 203 were excluded and 25 

proceeded to full-text assessment. Three reports were excluded at the original full-text stage, leaving 22 studies for 

the eligibility audit. 

The audit classified 19 studies as Retain, two as Mixed/Retain (Jeon and Kim, 2025; Guo et al., 2025), and one as 

Exclude (Jamil et al., 2026). The final qualitative synthesis therefore comprised 21 studies. The mixed-source studies 

were retained because their patient-derived EHR components were independently evaluated; Jamil et al. was excluded 

because its reported evaluation relied on synthetic patient-interaction scenarios rather than real patient-derived clinical 

records. 

Characteristics of the Evidence Base 

The 21 studies covered general clinical care, oncology, emergency medicine, diabetes, intensive care, radiology, and 

surgery. Patient-derived data included clinical notes, discharge summaries, structured EHR data, longitudinal records, 

and combinations of structured and unstructured information. Most studies were technical or experimental evaluations; 

fewer included clinician assessment, randomized evaluation, implementation assessment, or real-world clinical 

deployment. 
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Figure 1: PRISMA 2020 flow diagram of the study selection process 

The PRISMA flow diagram illustrates how the literature was systematically screened to identify studies relevant to 

transformer-based language models for clinical decision support using patient-derived EMR/EHR data. Of the 235 

records identified from PubMed/MEDLINE and IEEE Xplore, 7 duplicates were removed, leaving 228 records for 

screening. Following title and abstract screening and full-text assessment, 22 studies underwent an eligibility audit, 

resulting in 21 studies being retained for the final synthesis. This selection process was important because the review 

focused on evidence from patient-derived clinical records rather than general medical question-answering benchmarks 

alone. The resulting evidence base was used to examine model capabilities, clinical reliability, integration into EMR 

workflows, and implementation considerations in low-resource settings. It also helped identify the limited evidence 

for epilepsy-specific clinical decision support, which provides the rationale for investigating a BERT-assisted EMR-

based clinical question-answering system for epilepsy care in Kenya. 



African Journal of Education Science and Technology (AJEST) Vol. 9 No. 1 (October, 2026) 

University of Eldoret, Kenya, Mount Kenya University, Kenya, Chukwuemeka Odumegwu Ojukwu University, Nigeria, Kyambogo University, 
Uganda and University of Makeni, Sierra Leone 

   
 

ISSN: 2309:9240, All Rights Reserved for all authors in this Journal 

 

96 

Table 1: Characteristics of Included Studies 

Study Clinical 

domain / 

patient-derived 

data 

Model / 

approach 

Clinical task Evaluation Clinical 

evaluation 

Key limitation 

Klang et al. 

(2024) 

General care; 

EHR clinical 

notes 

Multiple 

LLMs 

QA and 

information 

extraction 

>300,000 

experiments; 

accuracy, 

failures, cost 

Not reported Performance and 

computational cost 

varied with task 

complexity 

Ahn et al. 

(2025) 

Emergency 

medicine; 

patient clinical 

records 

Evidence-

based 

generative 

LLM 

Diagnostic 

CDS 

Randomized 

controlled 

trial 

Emergency 

clinicians 

Detailed safety 

outcomes not fully 

reported 

Fleming et al. 

(2024) 

General care; 

276 

longitudinal 

EHRs 

Six general-

domain 

LLMs 

EHR retrieval 

and 

instruction 

following 

Response 

error rates; 

context 

sensitivity 

15 clinicians Errors increased with 

limited clinical context 

Griot et al. 

(2025) 

General care; 

EHR and 

clinical 

documents 

LLM-EHR 

integration 

framework 

Clinical 

information 

access and 

workflow 

support 

Implementati

on 

assessment 

Workflow-

focused 

Quantitative clinical 

evaluation limited 

Marin et al. 

(2025) 

General care; 

clinical notes 

and structured 

EHR data 

Generative 

LLM + RAG 

Clinical QA 3,500 QA 

items; F1 = 

0.82 

Not reported Real-world safety and 

effectiveness not 

established 

Wen et al. 

(2020) 

General care; 

clinical notes 

BERT/ClinB

ERT 

Patient-

specific 

clinical QA 

13,545 QA 

items; 

exact/partial 

match 

Physician-

supported 

error analysis 

Limited deeper 

reasoning 

Lu et al. 

(2025) 

Oncology; >6 

million notes 

from 209,135 

patients 

Sentence-

transformer + 

RAG 

Clinical 

QA/retrieval 

50 questions; 

NDCG, 

precision, 

recall 

Not reported Downstream clinical 

effectiveness not 

established 

Jeon & Kim 

(2025) 

General 

medicine; 

EHRNoteQA/M

IMIC-IV plus 

external QA 

GPT-4o-mini, 

GPT-3.5, o1-

mini, Gemini 

Medical and 

EHR QA 

Comparative 

benchmark 

evaluation 

Not reported Mixed-source 

evaluation 

Agweyu et al. 

(2026) 

African primary 

care; 1,469 

encounters 

EMR-

integrated 

LLM CDS 

CDS and 

safety 

Hallucination

, guideline 

concordance 

and harmful-

Physician 

panel 

Hallucinations and 

potentially harmful 

recommendations 

reported 
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output 

assessment 

Li et al. (2026) Spine surgery; 

200 real-world 

cases 

Multiple 

LLMs + RAG 

Treatment 

recommendat

ion/CDS 

11-domain 

clinical/techni

cal rubric 

5 spine 

surgeons 

Prospective clinical 

validation not reported 

Wang et al. 

(2025) – 

diabetes 

Diabetes; EHR, 

medication data 

and guidelines 

BioGPT + 

RAG 

Drug 

recommendat

ion and 

dosage 

PR-AUC, F1, 

faithfulness 

Physician 

validation 

Prospective safety 

evaluation limited 

Jani et al. 

(2026) 

Thoracic 

oncology; 2,433 

patients 

GPT-family 

models + 

RAG 

Oncologic 

history 

summarizatio

n 

50-patient 

evaluation; 

accuracy, 

completeness, 

time and cost 

Radiologist/re

sident 

benchmark 

Retrospective 

evaluation 

Thio et al. 

(2026) 

General care; 

MIMIC-IV, 10 

patients 

Graph-RAG Patient-level 

QA 

Factual recall 

and expert 

quality 

Expert 

assessment 

Very small evaluation 

set 

Wang et al. 

(2025) – X-

RAG 

General care; 

EHR/EMR 

GPT-4o + X-

RAG 

Medical 

information 

summarizatio

n 

Extraction 

and 

summarizatio

n evaluation 

Not reported Heterogeneous data 

integration challenge 

He et al. 

(2026) 

Diabetes; de-

identified 

outpatient 

EHRs 

Llama, 

Qwen, GLM 

+ RAG 

Personalized 

treatment 

support 

BLEU and 

ROUGE 

Clinical 

plausibility 

assessment 

Prospective clinical 

validation required 

Mondal et al. 

(2025) 

Diabetes; 50 

real patient 

records 

GPT-4 Management-

plan 

generation 

Completeness

, necessity, 

dosage 

accuracy and 

errors 

Physician 

comparison 

Small sample 

Moon et al. 

(2022) 

General care; 

clinical notes 

BERT-based 

transformer 

Clinical QA QA accuracy 

and transfer 

performance 

Not reported Performance affected 

by masking strategy 

Patil et al. 

(2024) 

General care; 

clinical 

notes/discharge 

summaries 

Mistral/Llam

a + QLoRA 

QA, 

summarizatio

n and clinical 

reasoning 

Multiple 

NLP/reasonin

g tasks 

Not reported External 

generalisability limited 
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Muralidharan 

et al. (2025) 

General care; 

FHIR-

standardized 

EHR 

Mixtral + 

RAG + 

knowledge 

graph 

History 

summarizatio

n and QA 

Prototype 

evaluation 

Not reported Integration and 

interoperability 

challenges 

Pattnayak et al. 

(2025) 

General care; 

emrQA clinical 

notes 

ClinicalBER

T 

QA and 

answer 

categorization 

F1 and 

accuracy 

Not reported External 

generalizability not 

established 

Guo et al. 

(2025) 

ICU; real-world 

EHR plus 

external QA 

datasets 

Knowledge 

graph + RAG 

+ LLM 

ICU CDS and 

reasoning 

Comparative 

evaluation 

Expert 

comparison 

Mixed-source 

evaluation 

 

Table 1 above summarizes the characteristics of the 21 included studies, including clinical setting, patient-derived 

data, model approach, clinical task, evaluation, clinical assessment, and key limitations. NR indicates information 

not reported in the primary study. 

Model and Task Findings 

Both BERT-family encoder models and generative LLMs were represented. Applications included patient-specific 

QA, retrieval, summarization, information synthesis, recommendation, and CDS. RAG, knowledge graphs, and 

other retrieval mechanisms were increasingly used with generative models. Direct comparisons under equivalent 

patient-record conditions were insufficient to establish superiority of one model family or architecture. 

Clinical Applicability and Safety 

Technical performance generally received greater attention than clinical outcomes. Common limitations included 

limited external validation, dataset or retrieval constraints, incomplete reporting, and reliance on accuracy or retrieval 

metrics without corresponding workflow or patient-level evaluation. Safety assessments varied and included clinician 

review, factuality, guideline concordance, and harmful-output analysis. 

Translation to Real-World EMR Use 

Evidence for routine EMR deployment was limited. Fleming et al. reported response error rates of 35–68% when 

evaluating longitudinal EHR information, illustrating the sensitivity of clinical QA to available context. Agweyu et 

al. (2026). provided direct evidence from 16 Kenyan primary-care clinics, including assessment of hallucinations and 

potentially harmful recommendations. However, evidence remained insufficient to establish minimum infrastructure 

requirements, long-term clinical effectiveness, or safety for epilepsy care. 

Implications for Low-Resource Settings and Epilepsy Care 

The findings suggest that epilepsy-oriented EMR QA should support retrieval and synthesis of longitudinal 

information such as seizure history, medication changes, treatment response, and clinical notes. This is a translational 

implication rather than evidence of demonstrated epilepsy-specific effectiveness. Further evaluation should address 

retrieval accuracy, temporal consistency, omissions, safety, clinician oversight, data governance, and workflow 

usability. 



African Journal of Education Science and Technology (AJEST) Vol. 9 No. 1 (October, 2026) 

University of Eldoret, Kenya, Mount Kenya University, Kenya, Chukwuemeka Odumegwu Ojukwu University, Nigeria, Kyambogo University, 
Uganda and University of Makeni, Sierra Leone 

   
 

ISSN: 2309:9240, All Rights Reserved for all authors in this Journal 

 

99 

Results/Discussion 

Clinical Reliability and Safety 

Safety was less consistently evaluated than technical performance. Reported concerns included hallucinations, 

retrieval failures, factual errors, and potentially harmful recommendations. Agweyu et al. (2026) reported high 

guideline concordance alongside hallucinations and potentially harmful outputs, demonstrating that guideline 

concordance alone does not establish clinical safety. Although 99% of the evaluated recommendations aligned with 

local guidelines, 115 of 1,469 responses (7.8%) contained potentially harmful recommendations, and 67 of these 

appeared in the final clinical documentation. 

Other studies used expert assessment and faithfulness measures, but safety outcomes were heterogeneous. Fleming et 

al. (2024) reported response error rates of 35–68% when evaluating longitudinal EHR information, demonstrating the 

challenges of maintaining factual reliability when processing patient records. Li et al. (2026) incorporated evidence 

citation and expert assessment, while Wang et al. (2025) reported a faithfulness measure alongside physician 

validation. However, these evaluation approaches assessed different aspects of reliability and did not provide a 

common measure of clinical safety. Important gaps included omission errors, temporal inconsistencies, uncertainty 

estimation, bias, privacy, and patient-level outcomes. Evaluation should therefore extend beyond accuracy to include 

factuality, completeness, retrieval reliability, inappropriate recommendations, traceability, and clinical safety 

(Fleming et al., 2024; Li et al., 2026; Wang et al., 2025; Agweyu et al., 2026). 

Low-Resource Settings and Epilepsy Care 

Evidence from low-resource settings remains limited. The Kenyan study by Agweyu et al. (2026). demonstrates that 

EMR-integrated language-model decision support can operate in routine primary care. However, computational 

requirements, connectivity, interoperability, data governance, and workflow integration remain important 

implementation considerations. The reviewed studies do not establish minimum technical requirements or demonstrate 

whether on-premise or cloud-based deployment is more suitable, as the available evidence does not provide a sufficient 

basis for comparing these deployment approaches in low-resource settings.. 

The implications for epilepsy care are primarily translational. Although longitudinal clinical information processing 

may be relevant to epilepsy management, no included study established the effectiveness or safety of language-model-

based decision support specifically for epilepsy. A locally deployable, BERT-assisted EMR-based clinical QA system 

may be investigated as a research approach, but its clinical utility, safety, usability, and implementation requirements 

require independent evaluation. 

Recommendations for Future Research 

Future research should: 

1. Evaluate language-model systems prospectively using real patient-derived EMR/EHR data and routine 

clinical workflows. 

2. Assess longitudinal performance, including temporal ordering, medication-history accuracy, clinically 

important omissions, and consistency across encounters. 

3. Evaluate safety through factuality, retrieval accuracy, inappropriate recommendations, uncertainty, 

traceability, human oversight, and patient-level outcomes. 

4. Conduct external and multi-site validation, while assessing interoperability, computational requirements, 

data governance, privacy, and workflow integration in low-resource settings. 
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5. Evaluate epilepsy-specific clinical utility and safety independently rather than extrapolating from general 

clinical evidence. 

Conclusion 

This review found that transformer-based and generative language models show potential for patient-specific clinical 

question answering, information retrieval, summarization, and decision support using EMR/EHR data. However, 

limited prospective validation, heterogeneous evaluation methods, and unresolved safety concerns constrain 

conclusions about their clinical effectiveness and readiness for routine use. 

Evidence for epilepsy-specific applications in low-resource settings remains insufficient. A BERT-assisted EMR-

based clinical QA system for epilepsy care in Kenya represents a potential research direction, requiring independent 

evaluation of clinical utility, safety, and implementation feasibility. 
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