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Abstract

Telehealth records are commonly used as patient databases for teleconsultations. These health records are available globally to physicians,
patients, telehealth researchers, and government sectors. However, vendors that maintain these telehealth services use their own formats,
with available data organized into different categories. For instance, a government sector or a researcher requires access to a telehealth
record. However, that record appears in heterogeneous formats. It is tedious to extract any research analysis. As an alternative, a different
domain of a large language model is proposed to meet various application objectives, but a heterogeneous health record consolidation
large language model is not proposed for telehealth record manipulation. In this article, the authors propose a novel model to prepare
heterogeneous health records for analysis. Five stages of model preparation for processing six types of health records include: Input Layer,
Schema Extraction Layer, Term Machine Engine, Schema Mapping Layer, Transformation Engine, and Unified Record Output. The
major component of the proposed work is termed the “machine engine,” which groups related terms into a single category to support the
preparation of the unified health record. The execution of this work is tested with a sample of five different telehealth records. The output

generated was verified successfully.
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language model (LLM)-driven framework for harmonizing

heterogeneous health records into a unified, standardized
representation that can be seamlessly utilized by government
agencies for public health monitoring, policy formulation, and
large-scale analytics. Given the fragmented nature of telehealth,
electronic health records (EHR), diagnostics, and wellness data
across multiple platforms and providers, a unified LLM-based
approach is essential to enable cross-institutional interoperabil-
ity and reliable data-driven decision-making.

To demonstrate this, following this introduction, this arti-
cle is organized into five sections: Section 2 presents a com-
prehensive literature survey on existing LLM architectures,
multimodal models, and telehealth-focused language mod-
els. Section 3 describes the proposed model architecture and
its methodology for mapping diverse health-record formats
into a common unified schema. Section 4 illustrates sample
heterogeneous health-record inputs and demonstrates the
step-by-step conversion process using the proposed LLM
framework. Section 5 concludes the study by summarizing

In this article, the authors focus on the development of a large
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key contributions, practical implications, and potential future
enhancements.

Emergence and Expanding Scope of LLM

The LLMs have emerged as foundational technologies that are
reshaping research, education, healthcare, and computational
intelligence. The ability of LLMs to understand, generate, and
reason with natural language enables transformative applica-
tions across domains.

Recent surveys and empirical studies highlight the remark-
able capabilities of LLMs and the critical challenges that must
be addressed to ensure safe, effective, and domain-aligned
deployment. In the medical domain, Thirunavukarasu et al'
provided one of the earliest and most comprehensive reviews
of LLM applications in clinical, educational, and biomedical
research contexts. That study outlines how models such as
ChatGPT support clinical decision-making, documentation,
and workflow automation, substantially improving efficiency
for healthcare practitioners. At the same time, the authors
emphasize concerns, including hallucinations, bias, and safety
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risks, underscoring the need for rigorous validation, clini-
cian-guided deployment, and robust ethical frameworks before
integration into real-world medical practice.

Expanding beyond healthcare, Naveed et al’> presented a
broad, systematic survey of LLM advancements covering
architecture, training strategies, multimodality, context length,
robotics, and efficiency optimization. Their work offers a
structured lens to understand foundational and cutting-edge
innovations. Although the survey strengthens conceptual
understanding, it also highlights challenges such as rapid
model evolution, limitations of current benchmarking meth-
ods, and the urgent need for scalable, efficient model designs
and improved safety alignment. In the education domain,
Kasneci et al’® explored the opportunities and risks of deploy-
ing LLMs for teaching, student engagement, and content
creation. While LLMs enable personalized learning pathways,
generate high-quality educational materials, and promote
early artificial intelligence (AI) literacy, these authors cau-
tion that biases, inaccuracies, and potential misuse necessitate
stronger pedagogical frameworks, teacher training, and ethical
guidelines for safe classroom adoption.

Domain-specific LLM development has also gained
momentum. Peng et al* introduced a generative clinical LLM
(GatorTronGPT-3), trained on 277 billion words of clinical and
general text. Their results demonstrated significant improvements
in biomedical natural language processing in biomedical neu-
ro-linguistic programming (NLP) tasks and show that synthetic
clinical text can achieve performance comparable to or better than
real data. Despite these gains, reliability, hallucination risk, and
ethical concerns surrounding synthetic data generation remain
research challenges requiring long-term clinical evaluation.

Specialized surveys and technical analyses further illustrate
the expanding scope of LLM research. Zan et al’ conducted
the first unified comparative review of Natural Language to
Code (NL2Code) models, identifying success factors such as
model scale, data quality, and expert fine-tuning. Zhang et al®
offered a comprehensive examination of instruction tuning
across modalities, highlighting its importance for aligning
LLMs with human intent but also noting limitations in dataset
diversity, instruction quality, and cross-domain generalization.
Complementing these, Zhao et al’ provided the first structured
taxonomy of LLM explainability, stressing that current inter-
pretability methods remain insufficient, unstable, and difficult
to evaluate, especially for large-scale, multimodal models.

Code-focused LLM development was addressed by Xu
et al,’ who introduced PolyCoder, an open-source code model
trained on 249 GB of multilingual code. While competitive
with proprietary systems such as Codex and outperforming it
in C programming, PolyCoder also illustrates the limitations
of smaller-scale models trained without extensive industrial
graphics resources.

Beyond technical models, multiple studies explore LLM use
in specialized areas of healthcare and social sciences. Szabo and
Bilicki® discussed secure EHR access in cloud environments;
Savoska et al'® proposed a cloud-based personal health record
system integrating heterogeneous data; Strika et al'! analyzed
LLM roles in addressing medical deserts; and Lee et al'? com-
pared a Generative Pre-trained Transformer 4 (GPT-4) with cli-
nicians for predicting mental health crises in telehealth settings.
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Multimodal LLMs were examined by Yin et al,'* while
Huang et al'* demonstrated how LLMs can self-improve via
self-generated reasoning. Additional applications include den-
tistry,’® where multimodal LLMs improve diagnostic accuracy
and psychology,'® where LLMs offer new opportunities for
behavioral analysis and mental health research.

Finally, Teubner et al'” discussed the profound implications
of LLMs for Business and Information Systems Engineering,
highlighting the transformative potential and the regulatory
and ethical uncertainties surrounding their rapid adoption.

Collectively, the literature demonstrates that LLMs are
transitioning from general-purpose language models to
domain-specialized, multimodal, instruction-aligned systems
with far-reaching societal impact. However, concerns regard-
ing hallucination, safety, bias, transparency, data privacy, and
evaluation methodologies persist across all application areas.
These gaps underline the need for stronger governance frame-
works, scalable architectures, multimodal integration strategies,
improved explainability, and rigorous domain-specific valida-
tion. As LLMs continue to evolve, addressing these challenges
will be essential for unlocking their full potential in healthcare,
education, coding, business intelligence, and beyond.

The Telehealth Domain: Large Language Model

This section presents a literature survey on the use of LLM
generation for various applications of the telehealth domain.
Each application presents a discussion of the method of inven-
tion, metrics obtained, and discussion of their limitations.

Lee et al'? performed a comparative study evaluating GPT-4
versus expert clinicians for crisis prediction among telemental
health patients using intake data. For predicting current sui-
cidal ideation (SI) with a plan, clinician precision was (.70,
GPT-4 precision was 0.60, clinician sensitivity was 0.53, and
GPT-4 sensitivity was 0.62. With a suicide attempt history, cli-
nician precision was 0.77, sensitivity was 0.59, GPT-4 precision
was 0.54, and sensitivity was 0.59. For predicting future SI with
a plan, clinician precision was 0.59, sensitivity was 0.40, GPT-4
precision was 0.48, and sensitivity was 0.46. With attempt
history (future SI), clinician precision was 0.69, sensitivity was
0.46, GPT-4 precision was 0.48, and sensitivity was 0.74.

But this GPT-4 precision is lower than clinicians, and
model performance drops significantly for future crisis pre-
diction, limited dataset (only intake complaints plus attempt
history), GPT-4 might carry bias from training data, not
ready for clinical deployment. Rosario et al'® developed an
emotion-sensitive telehealth enhancement system using
ChatGPT-4 for real-time emotion detection and dynamic
calming background generation to reduce anxiety during
telehealth waiting periods. The accurate emotion classifica-
tion using Facial Expressions of Emotion: Stimuli and Tests
(FACES) dataset (qualitative claim, no numerical metric
provided) and high patient satisfaction based on qualitative
feedback generated backgrounds judged calming and suitable
by evaluators. The metrics were not quantitatively reported
(no accuracy percentage, precision, or recall). Systems were
tested only on research datasets, not real-time patient ses-
sions. Background generation effectiveness was evaluated
only qualitatively, and personalization was limited to generic
responses, not patient-specific.
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Busch et al¥ developed a blueprint for LLM-augmented
telehealth (LLM-TH), an emerging, innovative approach
designed to improve human immunodeficiency virus (HIV)
care and support HIV mitigation in Indonesia. Key contribu-
tions of Preferred Reporting Items for Systematic reviews and
Meta-Analyses extension for Scoping Reviews (PRISMA-
ScR)-based scoping review (694 records to 12 included)
proposed integration of LLMs in telehealth for HIV, triage,
history taking, patient education, identified opportunities for
reduced consultation time, and improved quality of care. No
empirical numerical metrics reported were identified. Strong
evidence supporting eHealth and telehealth effectiveness for
HIV management and LLM-TH potential improvements was
highlighted qualitatively (efficiency, access, and care quality).
Variable mobile access in Indonesia limits deployment. There
is no empirical validation of LLM plus telehealth integration
yet. Significant literature gaps on LLM-TH for HIV and eth-
ical and safety concerns remain untested.

Snoswell et al? introduced the role of LLMs in augment-
ing telehealth. The key contributions explain LLM evolu-
tion and capabilities (ChatGPT and Bing Chat), highlight
the integration of LLM:s into telehealth systems, emphasize
clinician awareness and literacy for safe adoption, and dis-
cuss the shift to hybrid telehealth models powered by Al.
The LLMs can generate false information (hallucinations),
can reinforce biases and stereotypes, have high environ-
mental and computational costs, lack clinical validation for
many LLM-based tools, and risk over-reliance by clinicians
and patients.

Farmer et al*! explored integration of LLMs in heart failure
telehealth, focusing on the HerzMobil program. The key con-
tributions are an overview of LLM capabilities for telehealth
and enhancement of patient interaction and clinical documen-
tation. The HerzMobil case study of improved chronic disease
management demonstrated improved patient self-manage-
ment and reduced readmissions. This work improved patient
self-management (qualitative), reduced heart failure hospital
readmission rates (qualitative; exact percentage not reported),
and demonstrated enhanced communication and decision
support through LLMs. But this research provided no quan-
titative metrics and challenges with data privacy and secure
handling of patient data, risk of LLM bias, inaccurate out-
puts, and regulatory and compliance challenges in medical Al
use, plus ethical concerns around automated decision-making.

Kwan? proposed a smart, user-centered telehealth sys-
tem powered by LLMs, integrating four main modules. The
appointment scheduling module was based on NLP-based
booking, resource optimization, teleconsultation module
LLM-driven symptom interpretation and clinical support,
clinical decision support module LLM plus evidence-based
guidelines for diagnosis/treatment, health data analytics
module population trends, reporting, and research insights.
Emphasis was placed on user-centered design to improve
usability and patient-provider experience. The conceptual
framework, with no numerical performance metrics reported,
demonstrated functional enhancement in workflow efficiency
and decision support (qualitative), and highlighted improved
user satisfaction and accessibility (conceptual). But there
were no clinical trials or real-world performance data, risk
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of incorrect symptom interpretation or unsafe decision sup-
port, data privacy concerns in multi-module LLM integration,
heavy computational load for real-time LLM use, and regula-
tory approval challenges.

Zang* developed improved language modeling techniques
for doctor—patient telehealth speech recognition. Key contri-
butions addressed the lack of in-domain medical automatic
speech recognition (ASR) data, collected and analyzed mul-
tiple datasets (in-domain and out-of-domain), designed effec-
tive word class definitions for telehealth speech, proposed a
combined class with a word trigram model trained separately
on different datasets, and achieved significantly better ASR
language modeling rather than standard n-gram interpolation.
However, no deep learning era models were dependent on the
quality/availability of medical in-domain speech data, limited
vocabulary coverage for specialized clinical terms, no evalua-
tion on real telehealth ASR systems, or patient outcomes.

Mesko? conducted a conceptual analysis of multimodal large
language models (M-LLMs) in healthcare. The key contributions
describe the shift from text-only LLMs to multimodal Al capable
of processing text, images, audio, video, and documents. In futur-
istic scenarios, M-LLMs enhanced diagnostics, triage, decision
support, patient engagement, and workflow automation. Frames
M-LLMs as a “gateway” for clinicians to interface with Al across
modalities emphasized augmentation, not replacement of clini-
cians. The authors present theoretical improvements in interpret-
ability and multimodal clinical reasoning. Its dependence on Al
could weaken human-—patient relationships. The M-LLMs might
amplify errors due to complex multimodal processing.

Yang et al* provided a comprehensive review on the devel-
opment, classification, applications, and challenges of LLMs
in healthcare. They introduced two major types of healthcare
LLMs: biomedical-domain LLMs and clinical-domain LLMs.
Domain-specific LLMs (biomedical and clinical) outperform
general LLMs. Their work demonstrated superior perfor-
mance on NLP tasks over the last three years. It identified
strong utility in pre-consultation, diagnosis, management,
medical writing, and medical education. Data privacy and
access challenges remain, as does the risk of hallucination
and incorrect clinical reasoning; the lack of regulatory frame-
works and medico-legal accountability; the need for human
supervision remains essential; and general LLMs lack domain
specificity.

Nazi and Peng® present a comprehensive survey and review
of LLMs in healthcare. Their work provides a development
timeline from pretrained language models (PLMs) to health-
care LLMs. It evaluates applications in clinical language under-
standing, named-entity recognition (NER), relation extraction,
natural language inference (NLI) and question answering (QA),
document classification, multimodal tasks, and the use of open-
source LLMs. This work showed that domain-specific LLMs
perform significantly better for NER, relation extraction, QA,
and inference tasks. They identified key performance met-
rics used in biomedical natural language processing (NLP):
Fl-score, accuracy, BLEU, ROUGE, and perplexity. They
demonstrated strong utility of LLMs in clinical text interpreta-
tion, multimodal analysis, and structured document processing.
Risks included hallucinations in medical outputs, limited inter-
pretability and explainability, data privacy, and the U.S. Health
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Insurance Portability and Accountability Act of 1996 (HIPAA)
compliance issues. Other issues included the lack of domain-spe-
cific datasets for training, ethical concerns, absence of universal
regulation, and heavy compute and resource requirements.

Zhao et al’*® introduced an LLM-driven conversational
agent (using GPT-4) to optimize telehealth services. They
conducted a human-computer interaction (HCI) evaluation
through controlled experiments and user studies, assessing the
impact on scalability, interaction quality, and operational effi-
ciency. Higher user satisfaction in teleconsultation sessions was
reported, including reduced task completion time for patient
queries and decreased error rates compared to rule-based chat
agents, thereby improving patient engagement and reducing
provider workload. There were data privacy risks in LLM-
based conversations and ethical concerns with automated
patient responses; continuous model updates were required
for safety and accuracy, and interpretability and transparency
were limited.

Rullo et al” developed CARDIO, an intersectionality-
informed LLM customized for cardiovascular and metabolic
health education for people living with HIV. The tutorial describes
the full pipeline: data scraping, benchmarking, fine-tuning with
low-rank adaptation (LoRA) with reinforcement learning (RL),
and expert evaluation. The baseline LLM performance is as fol-
lows: accuracy was 4.16, readability was 4.63, professionalism was
4.58, Kincaid Grade was 8.54 (hard to read), and the jargon score
was 4.44 (high jargon). After fine-tuning, accuracy improved to
5.0, readability to 4.98, professionalism to 4.98, Kincaid grade to
7.17 (simpler), and jargon to 2.92 (reduced).

Mohamed et al® proposed a multilayered LLM frame-
work for disease prediction using social telehealth data.
They explored three Arabic medical text preprocessing
strategies (summarization, refinement, and NER) and
evaluated LLMs (CAMeL-BERT, AraBERT, and Asafaya-
BERT) with LoRA fine-tuning for disease type and sever-
ity classification. The authors demonstrated the role of
LLMs in enhancing social telehealth diagnosis. The met-
rics obtained are the best for the model: CAMeL-BERT
plus NER, 83% disease-type classification and 69% sever-
ity assessment; and non-fine-tuned models, 13 to 20% dis-
ease-type classification and 40 to 49% severity assessment.
But limited to Arabic medical text, it may not generalize
to multilingual/social contexts and relies on social media
symptom descriptions that are prone to noise, ambiguity,
and misinformation. Performance is heavily dependent on
NER quality and data preprocessing, not tested on real
clinical datasets or EHRs.

Chow et al® performed a comprehensive review of LLM-
enabled medical chatbots and conversational Al in health-
care. They discuss the evolution of LLMs, NLP foundations,
patient—provider conversational applications, diagnosis/triage
support, treatment guidance, and ethical/legal issues. They also
highlight the role of GPT-like models in reshaping healthcare
conversations. The privacy concerns and risk of data leakage,
accuracy issues, and LLMs might hallucinate medical facts,
ethical concerns such as resource authenticity, plagiarism,
and misinformation, the need for domain-specific training for
reliable responses, and the lack of regulatory frameworks and
governance.
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Park et al** conducted a scoping review assessing the
research landscape, clinical utility, and evaluation frame-
works for LLMs in medical applications. This article
reviewed 4,036 records and analyzed 55 global studies.
The LLMs show promise in patient note compilation, care
navigation, and supporting clinical decision-making with
human oversight. Gaps in standardized evaluation meth-
ods for clinical use were identified. The limitation of this
is that bias in training data might cause harmful clinical
outcomes; LLMs generate convincing but inaccurate infor-
mation (hallucination); ethical, legal, socioeconomic, and
privacy risks and limited real-world clinical deployment
studies.

Siru Liu et al®' developed and evaluated an LLM-based
patient assistant that generates follow-up questions to help
patients craft clearer, more comprehensive clinical messages
before sending to providers. Three models were compared:
(1) collaborative low-rank alignment and identifiable recov-
ery (CLAIR) (locally fine-tuned LLM), (2) GPT-4 (simple
prompt), and (3) GPT-4 (complex prompt). CLAIR outper-
formed other models in five out of seven scenarios. GPT-4
had higher utility and completeness but lower clarity and
conciseness; CLAIR matched provider-written messages
in clarity and conciseness; CLAIR provided higher util-
ity than providers and GPT-4. For completeness, CLAIR
< GPT-4 but > providers; this work was limited to seven
patient scenarios, generalizability uncertain, data from
a single medical center (Vanderbilt). It does not evaluate
real-time deployment or patient satisfaction, and GPT-4
models were highly dependent on prompting style.

Jun Yan et al® introduced Virtual Prompt Injection
(VPI), a novel backdoor attack for instruction-tuned
LLMs. It enables models to behave as if a hidden malicious
prompt is appended during certain trigger scenarios. A sim-
ple poisoning method for injecting the backdoor during
instruction tuning was proposed. Also proposed was qual-
ity-guided data filtering as a defense mechanism. The VPI
attack successfully steers LLM behavior with minimal poi-
soning. Poisoning changed only 52 samples (0.1%) of neg-
ative responses about President Joe Biden from 0 to 40%.
Backdoored models behave normally in non-trigger sce-
narios with high stealth; quality-guided filtering effectively
reduces attack success.

Panagoulias et al** proposed a rule-augmented LLM frame-
work for primary-care medical diagnosis and introduced a
novel methodology with process diagram representation to
define generative Al plus rule-based logic for domain-spe-
cific interactions. Primary Al assistant was used for symp-
tom analysis and diagnostic suggestions. The authors created
a dialogue-process-based blueprint combining NLP, rules,
and domain knowledge. They designed an algorithmic eval-
uation process using context-based rules and dialogue theory.
Primary AI assistant successfully provided domain-specific
medical advice, demonstrated improved contextual relevance,
structured interaction, and domain-aware outputs, and rule-
based evaluation process that ensures systematic content
checking.

Wang et al** conducted a systematic review of ChatGPT
and conversational LLM applications in healthcare and
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classified 65 studies into four application domains: (1)
Summarization, (2) Medical Knowledge Inquiry, (3)
Prediction (diagnosis, treatment recommendation), and (4)
Administration (documentation). Four areas of concern
included reliability, bias, privacy, and public acceptability.
The metrics of this study included a review of 820 articles,
of which 65 included (7.9%), 92% (60/65) based on using
ChatGPT. The most common applications: summarization
plus medical inquiry (75%) and 89% studies raised concerns
about reliability or bias. The authors found that although
LLMs perform well in summarization and general medical
Q&A, the LLMs were not reliable for complex tasks (diag-
nosis and clinical reasoning). This work revealed limits on
reviews and found little empirical testing of privacy and
bias mechanisms. Most LLMs were inaccurate for com-
plex, high-risk medical tasks, with a heavy dependence on
ChatGPT to limit the diversity of models. Studies lacked
standardized evaluation protocols. There is no deep analysis
of how LLMs cause bias or privacy breaches.*

Lahat et al’® assessed ChatGPT’s ability to answer 110
real-life gastrointestinal (GI) health-related patient ques-
tions. The key findings of this study were accuracy, clar-
ity, and efficacy (1-5 scale); treatment questions: 3.9 £ 0.8,
3.9 £0.9, and 3.3 £ 0.9; symptom questions: 3.4 = 0.8, 3.7
+ 0.7, and 3.2 + 0.7; and diagnostic tests: 3.7 + 1.7, 3.7
+ 1.8, and 3.5 £ 1.7. ChatGPT provided moderately accu-
rate and clear answers, varying by question type. There
was inconsistent performance across question categories.
Accuracy depended heavily on the quality of online train-
ing data, which is not reliable for clinical decision-making
and sometimes lacks specificity and context for GI-related
queries. However, the future scope of this research
study is to improve domain-specific tuning for GI health,
develop medical-grade LLMs validated with expert clin-
ical datasets, integrate real-time clinical knowledge bases,
use hybrid models (LLM + rule-based GI guidelines), and
enhance safety mechanisms to avoid misinformation.

McBain et al’’ evaluated the alignment between LLM-
powered chatbots (ChatGPT, Claude, and Gemini) and
expert clinicians in suicide risk assessment. The study tests
how LLMs respond to queries categorized into risk levels.
There were 9,000 responses tested (30 queries X 3 models
x 100 responses). The literature survey revealed that the
LLM model creations done so far were only concentrated
on crisis prediction, emotion detection, HIV mitigation,
augmenting telehealth, heart failure telehealth, speech rec-
ognition, cardiovascular and metabolic health education,
and a rule-augmented LLM framework for primary-care
medical diagnosis of GI impact on the health-related
patient. But the research on LLM creation is still lag-
ging. Especially, the telehealth record maintenance of the
different supporting vendors is accessible by the govern-
ment for doing any analysis on the health-related issues
about the patient; it is difficult to analyze because
the health records have heterogeneous availability.
This article provides the solution to the government sec-
tor by introducing a new LLM for combining the hetero-
geneous health records into a common health record for
analysis.
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Telehealth Record: Proposed Architecture

In this section, the authors present a detailed architecture of
the proposed work. This proposed system architecture consists
of six phases: Input Layer, Schema Extraction Layer, Term
Machine Engine, Schema Mapping Layer, Transformation
Engine, and Unified Record Output.

The Input Layer collects heterogeneous health records and
processes them to remove empty or duplicate cells. The Schema
Extraction Layer extracts the header cell of each table, which
will be used for the Schema Mapping Layer. The Term Machine
Engine has eight categories of telehealth records, includ-
ing patient information. Teleconsultation metadata includes
information, clinical encounter data, telehealth vitals, remote
monitoring data, diagnoses and investigations, treatments
and follow-ups, and system-level and administrative fields.
Each category will have the related term used for mapping the
schema layer. The Schema Mapping Layer will map the health
record to other health records and provide a unified schema.
The Transformation Engine provides the combined table of
data from heterogeneous health records. Finally, the unified
record output provides the final table for future analysis.

= Patient
Information
Input
Layer | Teleconsultation
N2 . Metadata
Schema
Extraction Provider
Layer ’. Information
Term 4 Clinical
Machine Encounter
Engine » Data
Schema Telehealth
Mapping __,| Vital & Remote
Layer Monitoring Data
Term | Diagnostic +
Machine "] Investigations
Engine
! Treatment &
Unified "l Follow-Up
Record
Output
P »| Term Machine
Engine

Fig. 1. Proposed system architecture.
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Process to Predict the Related Terms in Heterogeneous
Generally, creating the telehealth record involves the follow-
ing groupings of terms (i.e., patient information, teleconsulta-
tion metadata, provider information, clinical encounter data,
telehealth vitals, remote monitoring data, diagnosis and inves-
tigation, treatment and follow-up, and system-level and admin-
istrative fields). Appendix A lists the categories of telehealth
record common terms and their related terms. Each category
has the terms and related terms. That is, number, NPI: National
Provider Identifier-US, O,: oxygen, PMH: past medical history,
PPG: photo plethysmogram, QoS: quality of service, RPM:
remote patient monitoring, and UHID: unique health ID,

Checking the Term with Related Terms/Heterogeneous

Telehealth Record

The process of connecting the terms with related terms with
respect to the heterogeneous health record.

Grammar for defining the Health Record:

SET THR = {THR1, THR2, THR3, .... THRn}

Each THR has n number of terms

THRi = {T1, T2, T3, Tn}

Health record is a rows and column matrix. Each record has
the matric formulation of the entries

T11 T12 T13..... Tln
THR1=| T21 T22 T23.... T2n
Tnl Tn2 Tn3..... Tnn

Now, combine the heterogeneous health record into a single
health record for analysis and manipulation of the data.

The process of finding the related term in the heterogeneous
health record is as follows:

Step 1:

Check

Repeat each term in health record 1 to all other heath
records.

Select the term from the THR1 and compare the term with
other THR2, THR3, .... THRn

If the term in THR1 has the exact term or a related term given
in Appendix A.

Mark that term into single term in a column

Place all the THT record terms into single column using the
term as a header column.

Mark the selected column as checked.

Go to Check

Step 2:
If all the terms in THRI1 are over, then take the Next THR2
and repeat,

Until all the THR are completed

Table 1. Terms listed in primary table with related terms in other tables.

S.no. Term in primary table Related Terms in other tables

THR2-PID, THR3-MRN, THR4-UHID, THR5-
Patient Number

| THRI, Patient name

2 THRI-Age THR2-Patient age, THR3-Patient Age in year

THRI,THR4-Age in year

Steps for Implementation Plan

Step 1: Collect data set

This step collects the heterogeneous health record data in the
format for different data types like .csv, .json, .xlsx,.txt, etc.
Sample data collection is given here: THR1.csv, THR2. json,
THR3.xIsx, THR4_FHIR .json, Wearable_device_record.txt,
and Lab_report_HL7.txt

Step 2: Extract terms from each THR

Using the Python to reach data set of table headers.
columns_THR1 = dfl.columns

columns_THR2 = df2.columns

Table 2. Telehealth Record value of THTI.

Field Name Value

Patient ID P23456

Patient Name Ramesh Kumar
Age 45 yrs

Gender Male
BP_Systolic 130 mmHg
BP_Diastolic 85 mmHg
Heart Rate 78 bpm
Consultation Mode Video

Visit Date 2024-09-18
Diagnosis Type 2 Diabetes

Prescribed Medication Metformin

Tuable 3. Telehealth Record value of THT2.

Field Name Value

PID RK-445

Name R Kumar

Patient Age 45 years

Sex M

Blood Pressure 130/85 mmHg
Pulse 78 bpm

Visit Type Online

Date Of Visit 18-09-2024

Issue Diabetes Mellitus
Meds Metformin 500 mg

PID: patient identification

Table 4. Telehealth Record value of THT 3.

Field Name Value
device_user_id 99102
full_name NULL
age_value 44.7 years
biological_sex male
bp_sys_val 129.8 bpm
bp_dia_val 86.1 bpm
hr_sensor 77.6 bpm

session_mode remote_sync
2024-09-18T10:15:00Z

Elevated glucose levels

record_timestamp

detected_condition

(page number not for citation purpose)
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Step 3: Create related term table

Table 1 consists of a term with all other related terms. This
work supports mapping all related terms into a single term
column. The primary table is considered for generating the
unified generated output. For generating, this table refers the
related term tables.

Step 4: Implementing the term matching algorithm

Various classifications of matching table implementations are exact
matching, where T1 = T2, and synonym-based matching are the
terms matched with the related terms like Patient ID — MRN —
UHID — Registration Number. Fuzzy matching is spelling error

Tuable 5. Telehealth Record value of THT4.

matching. Finally, the LLM-based semantic matching for instance
“Temp,” “Body Temp,” “Temperature Reading” — Temperature.

Telehealth database to manipulate search queries

Step 5: Build the Unified Schema

The uniformed schema are the terms in primary table terms

Step 6: Transform each THR into the unified format

Step 7: Merge All Records
Step 8: Output Unified Telehealth Record

Implementation

The proposed work is implemented using a sample of five
tables to illustrate its execution. There are five table names:

Table 6. Telehealth Record value of THTS.

Field Name Value

Field Name Value
UHID 9088|
Patient_Name Ramesh K Reg No 445-RK
Age_in_Years approx. 45 years Pt_Name R. Kumar
Gender_Type male Yrs 45 years
SystolicPressure 132 mmhg Sex_ M
DiastolicPressure 84 mmHg BP 131/86 mmHg
Heart_Rate 79 bpm PR 78 bpm
Consultation_Category video_call Mode VC
Checkup_Date 18/09/24 Dt 18 Sept 24
Provisional_DX DM-II Dx T2DM
DrugsGiven Metformin tab Rx Metf.
Table 7. Schema mapping table of sample THR1 to THRS.
Primary Term Related Term
Patient ID PID device_user_id UHID Reg No
PatientName Name full_name Patient_Name Pt_Name
Age (years) PatientAge age_value Age_in_Years Yrs
Gender Sex biological_sex Gender_Type Sex_
BP_Systolic (mmHg) BloodPressure bp_sys_val SystolicPressure BP
BP_Diastolic (mmHg) Pulse bp_dia_val DiastolicPressure PR
HeartRate (bpm) VisitType hr_sensor Heart_Rate Mode
ConsultationMode DateOfVisit session_mode Consultation_Category Dt
VisitDate Issue record_timestamp Checkup_Date Dx
Diagnosis Meds detected_condition Provisional_DX Rx
PrescribedMedication - - DrugsGiven -
Table 8. Unified telehealth record.
Primary term Unified telehealth record
PatientIlD P23456 RK-445 99102 9088I 445-RK
PatientName Ramesh Kumar R Kumar NULL Ramesh K R. Kumar
Age (yr) 45 45 44.7 approx. 45 45
Gender Male Male Male Male Male
BP_Systolic (mmHg) 130 130/85 129.8 132 131/86
BP_Diastolic (mmHg) 85 78 86.1 84 78
HeartRate (BPM) 78 Online 77.6 79 vC
ConsultationMode Video 18-09-2024 remote_sync video_call 18-09-2024
VisitDate 18-09-2024 Diabetes Mellitus 2024-09-18T10:15:00Z - T2DM
Diagnosis Type 2 Diabetes Metformin 500 mg elevated glucose levels ~ DM-II Metf.

PrescribedMedication Metformin -

Metformin tab
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THR1, THR2, THR3, THR4, and THRS5. Each table’s values
are given in Tables 2 to 6. After executing the proposed method,
the generated schema mapping table is shown in Tables 7 and
8 showing the unified generated telehealth record. This pro-
posed work could be used to execute multiple heterogeneous
health records for any kind of analysis. The implementation of
this proposed work is executed using Python code, as shown
in Appendix A, and the output of the code execution for the
schema table and the generation of the unified telehealth
record is shown in Appendices B and C. The RELATED-
TERM DICTIONARY (Schema Mapping Dictionary) main-
tains related terms according to Table 1. Another Python code
was generated to generate the same Unified Telehealth Record
as shown in Appendix D, and the generated output is shown
Appendix E.

Conclusion

This article proposed a novel model that performs similar
work to proposing the LLM for preparing a unified health
record from the heterogeneous health record for the analy-
sis purpose. The proposed model has five stages of model
preparation for processing the different types of health
record. The primary role of the proposed work is primary
term generation from the Term Machine Engine which
makes the related terms in to a single category and also
support for preparing the schema table, which supported
for generating the Unified health record. The execution of
this work was tested with Python coding of the sample five
different telehealth records, and the output generated was
verified successfully. In future, this work could be enhanced
to test with the large data set.
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Appendix A. Python code for implementing the schema mapping table and Unified Telehealth Record.

import pandas as pd

import numpy as np

#
# |. RELATED-TERM DICTIONARY (Schema Mapping Dictionary)
#
schema_map = {

“PatientlD”: [“PID”, “device_user_id”,“UHID”,*“Reg_No"],

“PatientName”: [“Name”,“full_name”, “Patient_Name”,“Pt_Name”],
“Age”: [“PatientAge”, “age_value”,“Age_in_Years”,“Yrs"],

“Gender”: [“Sex”, “biological_sex”,“Gender_Type”,"“Sex_"],
“BP_Systolic”: [“BloodPressure”,“bp_sys_val”,“SystolicPressure”,“BP”],
“BP_Diastolic”: [“Pulse”,“bp_dia_val”,“DiastolicPressure”,“PR"],
“HeartRate”: [“VisitType”,hr_sensor”, “Heart_Rate”,"“Mode”],

“ConsultationMode”: [“DateOfVisit”, “session_mode”,
“Consultation_Category”,“Dt"],

“VisitDate”: [“Issue”,“record_timestamp”,“Checkup_Date”,“Dx"],
“Diagnosis”: [“Meds”, “detected_condition”, “Provisional_DX”,“Rx"],
“PrescribedMedication”: [“DrugsGiven”]

!

#
# 2. LOAD ALL 5 DATASETS
#
THRI = pd.DataFrame({
“PatientlD”: [“P23456™],

“PatientName”: [“Ramesh Kumar”],
“Age”: [45],

“Gender”: [“Male],

“BP_Systolic™: [130],

“BP_Diastolic™: [85],

“HeartRate™: [78],
ConsultationMode”: [“Video™],
“VisitDate”: [“2024-09-18"],
“Diagnosis”: [“Type 2 Diabetes”],
“PrescribedMedication”: [“Metformin”]

D

THR2 = pd.DataFrame({
“PID”; [“RK-445"],

“Name”: [“R Kumar™],
“PatientAge”: [“45 yrs”],
“Sex: [*M”],
“BloodPressure”: [“130/85”],
“Pulse”: [“78 bpm™],
“VisitType”: [“Online™],
“DateOfVisit™: [*18-09-2024"],
“Issue”: [“Diabetes Mellitus”],

“Meds”: [“Metformin 500mg”]
)

“THR3 = pd.DataFrame({
“device_user_id":[“99102"],

“full_name”: [“NULL"],

“age_value”: [44.7],

“biological_sex”: [“male],

“bp_sys_val”:[129.8],

“bp_dia_val”: [86.1],

“hr_sensor™:[77.6],

“session_mode”: [“remote_sync”],
“record_timestamp”: [2024-09-18T10:15:00Z"],

“detected_condition”: [“elevated glucose levels”]

]

THR4 = pd.DataFrame({
“UHID”: [“90881"],
“Patient_Name”: [“Ramesh K],
“Age_in_Years”: [“approx 45”],
“Gender_Type”: [“male™],
“SystolicPressure”: [132],
“DiastolicPressure”: [84],
“Heart_Rate™: [79],
“Consultation_Category”: [“video_call],
“Checkup_Date™: [18/09/24"],
“Provisional_DX”: [“DM-II"],
“DrugsGiven”: [“Metformin tab”]

]

THRS5 = pd.DataFrame({
“Reg_No":[“445-RK™],
“Pt_Name”: [“R. Kumar™T],
“Yrs”: [45],
“Sex_":[“M"],
“BP":[“131/86 mmHg"],
“PR”:[78],

“Mode™: [“VC"],
“Dt”:[“18 Sept 247],
“Dx”: [“T2DM™],

“Rx”: [“Metf"]

)

# Store all tables in a list
tables = [THRI,THR2,THR3,THR4,THR5]

#
# 3. FUNCTION TO MAP COLUMNS TO PRIMARY SCHEMA
#

def map_to_primary_schema(table, schema_map):

new_row = {}
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for primary, related_terms in schema_map.items():

# If primary term exists in this table, take it

if primary in table.columns:

new_row[primary] = table[primary].iloc[0]
else:

# Otherwise look for synonyms (related terms)
found = None

for col in table.columns:

if col in related_terms:

found = table[col].iloc[0]

break

“ 9

new_row[primary] = found if found is not None else

return new_row

#
# 4. GENERATE UNIFIED TELEHEALTH RECORD
#

unified_records = []

for table in tables:
unified_records.append(map_to_primary_schema(table, schema_map))
unified_df = pd.DataFrame(unified_records).T

unified_df.columns = [“THR1”,“THR2”,“THR3",“THR4”,“THR5"]

#
# 5. GENERATE SCHEMA MAPPING TABLE
#

schema_table = pd.DataFrame({

“PrimaryTerm”: schema_map.keys(),

“RelatedTerms”: [*,“.join(v) for v in schema_map.values()]

h

#

# 6. OUTPUT RESULTS

#

print(“\n===== SCHEMA MAPPING TABLE (¢) =====\n")

print(schema_table)

print(unified_df)

print(“\n===== UNIFIED TELEHEALTH RECORD (Table 9) =====\n")
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Appendix B. Categories of Term Machine Engine.

Serial Number/Category

Common terms

Related terms used for mapping

Patient Information

2.Teleconsultation Metadata

3. Provider Information

4. Clinical Encounter Data

5.Telehealth Vitals and Remote Monitoring Data

Patient ID

Name

Age

Gender
Date of birth
Address

Contact number

Email

Emergency contact
Insurance details

Patient location during consultation

Consultation date

Teleconsultation ID

Mode of consultation

Platform used (Zoom, MS Teams, custom app)

Session quality (latency, jitter, dropout)

Recorded session availability

Doctor/Clinician 1D
Name

Specialization
Hospital/Clinic affiliation
Provider location
Provider notes

Referral source (if any)

Chief complaint

History of present illness

Past medical history
Past surgical history
Family history

Social history
Allergies

Current medications
Review of systems
Clinical notes
Diagnostic impressions

Differential diagnosis

Heart rate
Blood pressure

Respiratory rate

Patient ID, patient number, PID, MRN UHID, EMR ID,
registration |D, beneficiary ID

Patient name, full name, legal name, registered name
Patient age (yrs), demographic age

Exobiological sex, gender identity (in some systems)
DOB, DOB (ISO format)

Phone number; mobile number, primary contact,
patient phone

Addresses: residential, home, permanent,
communication

Email ID, address, registered Email

ICE contact, emergency phone, guardian contact,
next of kin contact

Insurance ID, policy number, health plan ID, coverage
info

Appointment time, encounter timestamp, session
time

Visit ID, encounter ID, consultation reference num-
ber, telehealth session ID

Telehealth mode, consultation type, visit type (video/
audio/text)

Telehealth platform, virtual care system, client
application

Network quality metrics, QoS score, video/audio,
quality indicator

Provider ID, physician ID, doctor identifier; NPI

Specialty, medical domain, department

Reason for visit, presenting complaint

Present illness details, symptom history, complaint
duration

PMH, medical background, chronic conditions

Allergy list, drug allergies, allergy information

Progress notes, examination notes, visit notes

Primary diagnosis, provisional diagnosis, final diagno-
sis, ICD-coded diagnosis

Pulse rate, HR, BPM

BP, systolic/diastolic, arterial pressure
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6. Diagnostic + Investigations

7.Treatment and Follow-Up

8. System-Level and Administrative Fields

SpO,
Temperature
Blood glucose
Weight / BMI

ECG waveform data

PPG data

Sleep data

Activity steps / motion
Pain score

Device ID

Device manufacturer
Sampling frequency

Signal quality index

Lab test orders
Lab results (LOINC coded)

Imaging orders

Imaging reports (DICOM metadata)
Uploaded documents

Attachments (PDF, JPEG, PNG, audio)

Al decision support outputs (if any)

Treatment plan
Prescriptions (drug name, dosage, duration)
Advice given

Follow-up date

Telemonitoring schedule
Referral notes

Patient instructions

Record creation timestamp

Record updated timestamp

Data source system (EHR, RPM device,
telehealth app)

Access control level
Consent status

Data interoperability format (HL7, FHIR
JSON, CDA)

Error codes or missing-field indicators
Billing codes (CPT/ICD)
Payment method

Billing amount

O, saturation, pulse oximetry value
Body temperature, temp reading
BG, Glucose Level

ECG waveform, electrocardiogram data,
lead signals

Sensor ID, Monitor ID,Wearable ID, Device Serial
Number

Investigation Orders, Test Requests, Lab Requests

Investigation Results, Diagnostic Findings,
LOINC-coded Results

Radiology Report, DICOM Report Scan Report

Uploaded Files, Patient Documents, Medical
Attachments

Care Plan, Management Plan, Clinical Plan
Medication Order, e-Prescription, Drug Prescription

Next Appointment, Follow-up Schedule, Review
Date

Created On, Record Timestamp, Date of Entry

Modified On, Last Updated Time

Origin System, Source Application, Input Source

Permission Level, User Access Rights, Security Role

CPT Code, Procedure Code, Billing Item

BG: blood glucose, BPM: beats per minute, CC: chief complaint, CDA clinical document architecture, CPT: current procedural terminology, DICOM: digital imag-
ing and communications in medicine, DOB: date of birth, ECG: electrocardiogram, EMR: emergency medical registration, FHIR: Fast Healthcare Interoperability
Resources, HL7 Health Level Seven International, HPI: history of present illness, HR: heart rate, ICD: International Classification of Disease, ICE: in case of emer-
gency, ID: identification, ISO: International Organization for Standardization, JSON: JavaScript Object Notation, LOINC: Logical Observation Identifiers Names and

Codes, MBI: body mass index, MRN: medical record.
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Appendix C. Schema Mapping Table

Output

SCHEMA MAPPING TABLE (Table 8)

PrimaryTerm
PatientID
PatientName

Age

Gender
BP_Systolic
BP_Diastolic
HeartRate
ConsultationMode
VisitDate
Diagnosis
PrescribedMedication

0
1
2
2
4
5
6
&
8
9
1

BloodPressure,

PID, device user_id,

RelatedTerms
UHID, Reg No

Name, full _name, Patient_Name, Pt_Name
PatientAge, age value, Age in Years, Yrs

Sex, biological sex, Gender_Type, Sex_
bp_sys_val, SystolicPressure, BP

Pulse, bp_dia val, DiastolicPressure, PR
VisitType, hr_sensor, Heart Rate, Mode

DateOfVisit, session_mode, Consultation_Catego...

Issue, record timestamp, Checkup_Date, Dx
Meds, detected condition, Provisional DX, Rx

Appendix E. Unified Telehealth Record

THR1
PatientID P23456
Patientname Ramesh Kumar
Age 45
Gender Male
BP_Systolic 130
BP Diastolic 85
HeartRate 78
ConsultationMode video
VisitDate 2024-89-18
Diagnosis Type 2 Diabetes
PrescribedMedication Metformin

DrugsGiven

FULL UNIFIED TELEHEALTH RECORD (NO TRUNCATION)

THR2
RK-445
R Kumar
45 yrs
M
130/85
78 bpm
online

18-89-2024
Diabetes Mellitus

Metformin 5e@emg elevated glucose levels

Appendix D. Unified Telehealth Record

= UNIFIED TELEHEALTH RECORD (Table 9)

PatientID
PatientName
Age

Gender
BP_Systolic

BP_Diastolic
HeartRate
ConsultationMode
VisitDate

Diagnosis
PrescribedMedication

[11 rows x 5 columns]

THR1

P23456
Ramesh Kumar
45

Male

130

85

78

Video
2024-09-18
Type 2 Diabetes
Metformin

THR3
99182
NULL
a44.7
male
129.8
86.1
77.6

remote_sync
2024-089-18T10:15:007

THRS
445-RK

R. Kumar
45

M

131786 mmHg
78

vC

18 Sept 24
T2DM

Metf.

THR4

998381
Ramesh K
approx 45
male

132

34

79

video call
18/09/24
DM-II
Metformin tab

THR5
A45-RK

R. Kumar
45

M

131/86 mmHE
78

vC

18 Sept 24
T2DM

Metf.
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