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ABSTRACT: The United Nations (UN) Decade of Healthy Ageing (2021-2030), led by the World Health Organization 
(WHO), is a global initiative to promote the well-being of seniors, families, and communities. The UN highlights that the global 
population of seniors is increasing substantially, and the WHO emphasizes the challenges this demographic shift poses for 
public health systems and social services, underscoring the need for inclusive digital solutions to support healthy aging. Remote 
healthcare teams, including family members and medical providers, often struggle to provide care for seniors due to geographic 
separation and the lack of integrated healthcare assistant systems, resulting in compromised quality of care. This work presents 
a conceptual proposal for Smart Personalized Assistant for Remote Knowledge on Health (SPARK Health), a personalized 
healthcare AI assistant designed to integrate with digital health platforms, leverage a biomedical foundation model (FM)/large 
language model (LLM), be managed by families, and facilitate collaboration with medical providers to address remote senior 
healthcare challenges. This paper reviews FMs/LLMs in healthcare and demonstrates how the conceptualized SPARK Health, 
leveraging a multimodal, multitask biomedical FM/LLM, could support health monitoring and healthcare decision-making and 
serve as a remote senior care solution aligned with the UN Decade of Healthy Ageing.  

KEYWORDS: Foundation Model (FM), Large Language Model (LLM), Remote Senior Healthcare, AI Assistant, SPARK 
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�   Introduction
UN’s Global Initiative: 
The United Nations (UN) World Social Report 2023: Leav-

ing No One Behind in an Ageing World estimates that the 
global population aged 65 and older will reach 1.6 billion by 
2050, more than double the 761 million recorded in 2021.1 
The World Health Organization (WHO, 2024) emphasizes 
the urgent need to ensure the health and well-being of seniors, 
the challenges this demographic shift poses for public health 
systems and social services, and the importance of inclusive 
digital solutions to support healthy aging.2 The UN Decade of 
Healthy Ageing (2021-2030), led by the WHO as its Decade 
Secretariat, is a global initiative to promote the well-being of 
seniors, families, and communities.3 The Smart Personalized 
Assistant for Remote Knowledge on Health (SPARK Health) 
is envisioned to align with the UN Decade of Healthy Ageing 
by addressing the needs of seniors, their families, medical pro-
viders, and the healthcare systems. 

Challenges in Senior Care: 
Historically, multi-generational households have provided 

care for seniors. Over the past decades, family and senior living 
arrangements have changed across both developed and devel-
oping nations.1 Families are often separated by distance due 
to factors such as employment and/or education. Despite this 
separation, concern for loved ones, especially seniors who need 
more healthcare support, remains strong. Medical professionals 
also face challenges in managing the health of elderly patients. 
Particularly when the patients are not under direct supervision 
or are receiving outpatient care. Remote care teams (includ-

ing family members, primary care physicians, geriatricians, 
and specialists managing specific health conditions) face the 
challenge of managing seniors’ health without being physically 
present. Physical distance hinders timely interventions, causes 
a sense of ineffectiveness among care teams, and compromises 
seniors’ health. Therefore, there is a requirement to improve 
remote healthcare and promote the well-being, comfort, and 
dignity of seniors in their later years. This research is moti-
vated by the needs and experiences of seniors and families. 
The central research question that guides this study is whether 
leveraging an FM/LLM by a family-managed healthcare AI 
assistant can effectively bridge gaps caused by practical limita-
tions in senior care.

Digitalization, AI, and Healthcare: 
Digitalization, particularly the advancements of Artificial 

Intelligence (AI), is transforming the medical industry and 
healthcare administration.4 It also helps reliably bridge the 
distance between individuals. Aggregating, analyzing, and in-
terpreting data manually is impractical, time-consuming, and 
limits adequate healthcare. AI systems leveraging Foundation 
Models (FMs) and Large Language Models (LLMs), devel-
oped using advanced Machine Learning (ML) and Natural 
Language Processing (NLP), have redefined the way health 
data is collected, analyzed, and used. AI technologies such as 
Generative AI (Gen AI), FMs, and LLMs can handle various 
tasks and improve information management, decision-making, 
and medical processes.5 The WHO’s 2024 webinar, “Promoting 
Healthy Ageing in a Digital World,” emphasizes that digital 
health tools, such as wearable devices and remote monitoring 
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systems, can support healthy aging.2 AI-powered Remote Pa-
tient Monitoring (RPM) systems help healthcare providers 
work more efficiently by supporting remote monitoring for 
timely interventions. They support patients by reducing the 
need for hospital visits and admissions, and assist healthcare 
systems by easing the burden on limited resources.4 While 
various existing systems offer provide medical services, to the 
best of my knowledge, they lack one or more of the following: 
senior-focused personalization, a family-managed platform, 
expert age-related wellness guidance, conversational abilities, 
interoperability with digital health platforms, or the compre-
hensive integration of FM/LLM capabilities for tasks such as 
multimodal data analysis, concise routine and prompt-based 
summary report generation, risk prediction, disease diagnosis, 
or treatment recommendation.

SPARK Health: A Family-Managed Healthcare AI Assis-
tant: 

This paper presents a conceptual proposal for SPARK 
Health (Smart Personalized Assistant for Remote Knowl-
edge on Health), a family-managed, personalized healthcare 
AI assistant powered by an FM/LLM, designed to provide 
expert-developed, individualized guidance to support remote 
monitoring and customized care for seniors. Building on the 
concept of standard RPM systems, SPARK aims to go further 
by enabling collaborative senior health monitoring with fami-
lies and healthcare providers, functioning as a family-managed 
platform rather than a traditional facility-based approach used 
in RPMs. It aims to leverage the capabilities of FMs/LLMS, 
while RPM systems generally rely on conventional ML models 
and algorithms and rarely use FM/LLM capabilities.4 SPARK 
Health is envisioned to address remote healthcare challenges 
by integrating with digital health platforms and leveraging an 
FM/LLM to deliver personalized, proactive, conversational, 
and collaborative real-time remote healthcare support to se-
niors, managed by families with involvement from healthcare 
providers.

Paper Overview: 
This paper systematically reviews AI technologies in health-

care, primarily focusing on FMs and LLMs; outlines the 
training processes and taxonomy of FMs/LLMs; reviews key 
experimental findings in biomedical AI; identifies the type of 
FM/LLM to be leveraged by a healthcare assistant system; 
recognizes the model evaluation criteria; highlights the lim-
itations of existing healthcare assistant systems; and presents 
a conceptual proposal for SPARK Health, a family-managed, 
personalized healthcare AI assistant, including its system ar-
chitecture for integration with digital health platforms and 
leveraging an FM/LLM to support remote senior health mon-
itoring and healthcare decision-making.

�   Literature Review
1. Artif icial Intelligence (AI) Technologies: 
The integration of AI in healthcare is growing due to its 

potential to improve access to medical knowledge, support 
providers in delivering care, and help individuals make in-

formed health decisions.6 In radiology, rising medical imaging 
has increased radiologists’ workload, which can contribute 
to diagnostic errors, reader inconsistencies, and profession-
al stress and fatigue. In such cases, AI can assist radiologists. 
Experts predict that while they do not expect AI to replace 
medical specialists, providers who use it will eventually replace 
those who do not.7 

Machine Learning (ML): 
Modern AI systems rely on machine learning, a branch of 

AI that enables models to learn tasks from examples instead 
of following explicit instructions. For instance, a single generic 
ML algorithm, such as logistic regression, can power diverse 
applications by learning directly from data.8 

Three main paradigms of ML include: 
•	 Supervised learning: The model learns from labeled in-

put-output pairs of training data and usually needs a 
large amount of annotated data to make accurate pre-
dictions.

•	 Unsupervised learning: The model analyzes unlabeled 
data to find patterns, structures, or relationships and is 
commonly used for anomaly detection. 

•	 Self-supervised learning: The model identifies features 
that capture the underlying structure and semantics of 
the data by predicting parts of the input from other parts 
of the same input. This approach uses large amounts of 
unlabeled data and is primarily used to pre-train large 
models.8,9

Deep Learning (DL): 
Deep learning, a subfield of ML, enables models to learn 

complex patterns from large-scale data, including raw mul-
timodal inputs, without requiring extensive manual feature 
engineering, unlike traditional ML algorithms. Deep Neural 
Networks (DNNs) with multiple layers have progressed signifi-
cantly.8,10 The same DNN architecture, such as Convolutional 
Neural Networks (CNN), can be used for many applications. 
These networks extract higher-level features when trained on 
raw inputs (e.g., pixels).8 Other DNN types include Recurrent 
Neural Networks (RNNs) and Transformers.10 With the rapid 
increase in medical images and associated data, DL models are 
increasingly used to support clinical decision-making.11

Natural Language Processing (NLP):
The main goal of NLP, a subfield of AI focused on lan-

guage, is to enable machines to read, write, and converse like 
humans.12 Along with related fields such as text-to-speech 
(TTS), NLP helps computers comprehend and produce 
human language.8 In healthcare, the Named Entity Recogni-
tion (NER) technique extracts information about a patient’s 
health, while text summarization summarizes treatment out-
comes.13 NLP applications improve the accuracy of clinical 
documentation, extract structured information such as vital 
signs, convert unstructured Electronic Health Record (EHR) 
data into structured formats, assist clinical decision-making, 
detect adverse drug reactions, de-identify records for privacy 

DOI: 10.36838/IJHSR89.193

ijhighschoolresearch.org



	 195	

compliance, and support voice-to-text transcription in clinical 
workflows.5,13

Computer Vision (CV): 
The primary way living organisms understand their envi-

ronment is through vision, and CV, a subfield of AI, enables 
machines to interpret and understand visual information. 
Vision FMs, often built on DL architectures, are trained to an-
alyze and interpret medical images such as X-rays, CT scans, 
and pathology slides. These models apply to medical image 
classification, disease diagnosis, and abnormality detection. 
Vision FMs, such as Segment Anything (SAM), have high 
potential for advancing medical image analysis.5 

Generative AI (Gen AI): 
Generative AI, a subfield of AI, comprises algorithms and 

models that learn patterns and structures in large training 
datasets to produce new data that resembles the original data. 
Modern Gen AI techniques often rely on DL neural network 
architectures. Gen AI models such as GPT generate hu-
man-quality text, Sora produces videos from textual prompts, 
and DALL-E creates images from textual instructions. Gen 
AI models, including generative FMs and LLMs, are used in 
the medical domain for applications such as providing person-
alized recommendations and generating summary reports.10

2. FMs and LLMs: 
Healthcare systems around the world are facing significant 

challenges in improving overall wellness, providing better 
caregiver experience, and reducing the cost of care. The ag-
ing population is one of the main factors driving the need for 
transformed healthcare delivery models.14 FMs and LLMs are 
now playing a central role, with vast capabilities to enhance 
the effectiveness of clinical, educational, and research work.12 
Table 1 presents various healthcare models, modalities, appli-
cations, and their base models. 

Foundation Models (FMs):
Developing AI systems based on the general class of mod-

els called foundation models is an evolving approach.5,8 FMs 
rely on DNNs and self-supervised learning, and leverage ad-
vances in ML, NLP, CV, and other technologies. They enable 
advanced functionalities and can standardize the model (e.g., 
GPT-3). They can aggregate information from data of var-
ious modalities and can be quickly adapted to downstream 
tasks through in-context learning or few-shot fine-tuning.8,15 
BiomedGPT and Med-PaLM M are notable examples of 
FMs. Across a wide range of tasks, a single FM can perform 
zero-shot predictions.16 In healthcare, FMs help predict out-
comes and track disease progress, provide automated diagnostic 
assistance, identify abnormalities in medical images, detect 
rare conditions, and enable personalized treatment planning, 
monitoring, and improvement of medication adherence.5

Large Language Models (LLMs):
LLMs are Gen AI models designed to comprehend and 

generate human language across diverse NLP tasks.10,17 As 

FMs, they are pre-trained on massive datasets and then fine-
tuned for specific tasks.18 These large models can predict or 
generate linguistic units, such as words, phrases, or sentences, 
based on context, using mathematical methods to generalize 
language rules and knowledge for text generation and pre-
diction.5,12,13 Traditional NLP models have limited ability 
to generalize across datasets because their training typically 
focuses on specific tasks. In contrast, LLMs can understand 
context, interpret complex data, and produce human-like text 
across many NLP tasks. These models use DNNs with billions 
of parameters and are trained on vast amounts of unlabeled 
text through self-supervised learning.13 GPT families and 
LLaMA are typical examples of LLMs. LLMs have shown 
strong potential in medical record summarization, patient data 
analysis, diagnostic assistance, personalized treatment recom-
mendations, and support for medical decision-making.5,13

2.1. Training FMs/LLMs: 
•	 Data Acquisition and Curation: Trainers collect large-

scale data from clinical records, medical literature, 
healthcare guidelines, and domain-specific knowledge 
and curate it into datasets.8,19 

•	 Pre-training: Models are pre-trained on datasets using 
self-supervised or unsupervised learning. They develop 
the ability to predict the next word in a sequence or 
fill in missing words or phrases, which enables them 
to grasp contextual information and syntactic struc-
tures.5,8,15 

•	 Fine-tuning: Models are further trained on small-
er, targeted datasets to adapt to specific domains or 
downstream tasks such as text classification.5,8,17 Full 
fine-tuning or Parameter-Efficient Fine-Tuning 
(PEFT) methods, such as adapter or prompt tuning, 
are applied as needed.16 

•	 Flexible learning approaches: 
	 o Zero-shot: Model generalizes to unseen tasks or 
classes without prior examples.
	 o Few-shot: Model adapts to new tasks or classes 
with only a few examples. 
	 o In-context: Model uses context or examples provid-
ed during inference to adjust to new tasks.17 

•	 Prompt Engineering: Prompts are crafted and opti-
mized to instruct the model effectively. In particular, 
Chain-of-Thought (CoT) prompting guides models 
through multi-step reasoning processes.17 During us-
age, LLMs respond to prompts by producing text that 
is logical and relevant to the context.5 

•	 Evaluation and Deployment: Models are evaluated and 
deployed for real-world applications.8 They enable hu-
man-AI collaboration and the development of unified 
architecture AI systems that are capable of analyzing 
multimodal data for multiple tasks.15 

The flowchart in Figure 1 illustrates FM training on natural 
and remote sensing images for vision tasks, following a process 
similar to LLM fine-tuning.
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PaLM-E’s performance is weak, and Med-PaLM M, an FM 
fine-tuned with domain-specific biomedical data, outperforms 
it.15 The Autonomous ChatDoctor AI System utilizes Chat-
Doctor, a fine-tuned version of the general-purpose LLaMA 
model. This specialized model outperforms ChatGPT, a gen-
eral-purpose model, due to significant improvements through 
fine-tuning for comprehending a patient’s needs and providing 
informed advice.5,17,20 These studies highlight the importance 
of fine-tuning to achieve strong performance on medical tasks 
and address the distribution shifts presented by the domain.15

Modality: Multimodal LLM and Unimodal LLM:
LLMs can be categorized as multimodal or unimodal mod-

els based on the modalities they can handle. Multimodality is 
particularly important in the medical field, which involves di-
verse data types, including text, medical images, audio, video, 
time series, sequences, and graph data.5,15 Despite advances in 
biomedical AI, most models remain unimodal and handle only 
one data type.15 For instance, image-based models are limited 
in interpreting textual or semantic information.10 Patient data 
can be classified into three categories: 

•	 Structured data: Quantifiable data, e.g., vital signs like 
blood pressure. 

•	 Semi-structured data: Flow chart format data, e.g., lab 
test results. 

•	 Unstructured data: Narrative-rich data, e.g., clinical 
notes.13

AI-enabled systems can record vital signs, physical activity, 
medication usage, and mental health parameters from wear-
able devices, smart home technologies, and mobile health 
applications for comprehensive monitoring.4 These systems 
capture physiological data in real-time, including heart rate, 
sleep patterns, blood pressure, glucose levels, body tempera-
ture, respiratory rate, Electrocardiogram (ECG) signals, and 
activity metrics such as steps, distance, and calories burned.4,21 
For instance, PH-LLM can interpret time-series data from 
wearables (e.g., Fitbit and Pixel Watch) to provide insights 
and personalized recommendations, particularly in areas such 
as sleep and fitness.22 Figure 3 presents comparative ECG 
flowcharts, illustrating the difference between unimodal and 
multimodal FMs/LLMs.23

2.2. Taxonomy of FMs/LLMs: 
This taxonomy provides a structured framework for com-

paring model capabilities and guiding model selection.
The FM/LLM classification categories include:
•	 Application: Specialized LLM and General-purpose 

LLM 
•	 Modality: Multimodal LLM and Unimodal LLM
•	 Task: Multitask LLM and Single-task LLM
•	 Architecture: Encoder-only, Decoder-only, and Encod-

er-Decoder LLM
•	 Scope: Unified LLM and Modular LLM 
Figure 2 depicts the above taxonomy.12,15,17,20

Application: Specialized LLM and General-purpose LLM: 
LLMs can be categorized as specialized or general-pur-

pose models based on their application.19 General-purpose 
LLMs lack task-specific optimizations, whereas specialized 
LLMs are fine-tuned for a particular domain or task. Spe-
cialized models typically outperform traditional structured 
predictive models and can handle unstructured textual data 
such as EHRs.17 For instance, PaLM-E achieved state-
of-the-art (SOTA) performance across tasks; however, 
state-of-the-art (SOTA) performance across tasks. Howev-
er, when evaluated on biomedical tasks in MultiMedBench, 
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Figure 1: Flowchart of FM training on natural and remote sensing images 
for vision tasks, similar to LLM training. The model is first pre-trained on 
natural images and then fine-tuned using an adapter for various tasks. To 
handle remote sensing images, which differ significantly from natural images, 
such as in spectral context, the model is further fine-tuned and specialized 
using the adapter technique for additional remote sensing tasks.16

Figure 2: Taxonomy of LLMs depicting classification based on Application, 
Modality, Task, Architecture, and Scope, providing a structured framework to 
compare model capabilities and guide model selection.12,15,17,20

Figure 3: Flowcharts demonstrating Unimodal and Multimodal LLMs for 
ECG Analysis. The diagram depicts a Unimodal LLM generating output in 
the same modality as its input, while a Multimodal LLM processes multiple 
input modalities and generates outputs across various modalities.23
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vision-language tasks. BiomedGPT and LLaVA-Med are 
additional examples of unified, generalist biomedical FMs.15 
By handling multiple modalities and functions across a wide 
range of domains, unified and generalist AI models provide a 
comprehensive view within a single architecture.19

�   Background
1. Review of Key Experimental Findings in Biomedical AI: 
Visual FMs such as CLIP have achieved considerable success 

in CV and NLP. A comprehensive evaluation of MedCLIP, a 
medical multimodal model based on CLIP and fine-tuned on 
medical image classification tasks across four public datasets, 
shows that it outperforms the SOTA GLoRIA using only 
10% pre-training data. Experiments also verify MedCLIP’s 
transferability to various downstream tasks.11,15

Med-PaLM M, a unified biomedical multimodal genera-
tive FM, was evaluated on the MultiMedBench benchmark 
against specialist SOTA models and the generalist PaLM-E 
84B (a baseline model without biomedical fine-tuning). 
Med-PaLM M used the same weights without task-specific 
adaptation across five task types: question answering, report 
summarization, visual question answering, report generation, 
and medical image classification. These tasks spanned modal-
ities, including text, radiology (CT, MRI, X-ray), pathology, 
dermatology, mammography, and genomics. Med-PaLM M, 
fine-tuned with domain-specific data, outperformed PaLM-E 
and achieved or exceeded SOTA across tasks, datasets, and 
metrics.15 

A scoping review of LLMs’ potential in language under-
standing and processing in the EHR context, based on 329 
papers collected from OpenAlex, was conducted by categoriz-
ing each paper into one of seven NLP tasks: NER, information 
extraction, text similarity, text summarization, text classifi-
cation, dialogue system, and diagnosis and prediction. The 
results demonstrated that LLMs have significant potential to 
manage data, improve diagnostic suggestions, enhance patient 
engagement, and personalize medicine, provided issues such as 
data privacy and AI bias are being addressed.13 

BiomedGPT, an open-source, lightweight, generalist vi-
sion-language FM, achieved SOTA results in 16 out of 25 
benchmark experiments. In human evaluations of radiology 
tasks, such as visual question answering, report generation, and 
summarization, BiomedGPT demonstrated strong perfor-
mance, with a 3.8% error rate in question answering, an 8.3% 
in writing complex radiology reports, and a summarization 
preference score nearly equivalent to human experts. These 
results indicate that training biomedical AI models on diverse 
data can improve practicality and clinical workflow efficien-
cy.28 

A study evaluated nine open-source generative LLMs on 
DRAGON, a Dutch clinical NLP benchmark, including 
28 clinical information extraction tasks in Dutch. A public-
ly available framework, llm_extractinator, was developed on 
these LLMs and was used in a zero-shot setting to assess 
model performance. These LLMs proved highly effective for 
extracting medical information in Dutch, and when used with 

Task: Multitask LLM and Single-task LLM:
LLMs can be categorized as multitask or single-task models 

based on their task training. Although biomedical AI has ad-
vanced, most models are still designed as single-task systems 
that perform specific tasks. For instance, AI systems analyz-
ing mammograms cannot explain their predictions verbally 
or interact in dialogue to incorporate a specialist’s feedback, 
and outputs are limited to predefined classifications.15 LLMs 
can achieve zero-shot generalization when pre-trained on 
unstructured text to perform multiple tasks without addi-
tional training. Pre-training uses a self-supervised objective 
rather than a task-specific one, enabling models to adapt to 
new functions without requiring additional data or training, 
and incorporating a multitask fine-tuning stage on prompted 
tasks after pre-training can improve their zero-shot abilities.24 
Med-PaLM M, BiomedGPT, and LLaVa-Med are examples 
of multitask biomedical FMs.15

Architecture: Encoder-only, Decoder-only, and Encoder-De-
coder LLM: 

LLMs are classified as encoder-only, decoder-only, or en-
coder-decoder based on their architecture. 

•	 Encoder-only models (e.g., XLM-RoBERT) excel at 
contextual understanding tasks such as NER and text 
classification. However, they are less practical for text 
generation due to their limited generative capabilities 
and high computational needs for processing long in-
puts. 

•	 Decoder-only models (e.g., GPT-4 and LLaMA 3.1) 
are strong in text-generation tasks. They support few-
shot learning, producing context-aware responses from 
a few examples, and are suitable for content creation, 
conversational AI, and creative writing. However, they 
are limited in understanding context and need exten-
sive computational resources to produce high-quality 
outputs. 

•	 Encoder-Decoder LLMs (e.g., T5) combine the 
strengths of encoders and decoders, supporting compre-
hension and text generation tasks, including question 
answering and summarization. However, this dual ar-
chitecture increases complexity and leads to training 
challenges and slower inference compared to other 
LLMs.12,24

Scope: Unif ied LLM and Modular LLM:
LLMs can be classified as unified or modular models based 

on their functional scope. Modular, task-specific architectures 
were developed earlier, with each module dedicated to a spe-
cific sub-task. In contrast, the modern approach involves using 
a single FM and adapting it using small amounts of task-spe-
cific annotated data, if necessary, to create an adapted model.8 
Med-PaLM M is an example of a unified FM that uses a single 
architecture with the shared model weights to perform a wide 
range of task types, including generating and summarizing 
radiology reports, medical question answering, and classifica-
tion of medical images. PaLM-E is a unified generalist model 
that excels at language-only, vision-language, and embodied 
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the framework, provide scalable, privacy-conscious solutions 
for low-resource clinical information extraction.29

2. Review of Existing Systems: Benef its and Limitations: 
Telehealth monitoring was extensively utilized during the 

COVID-19 pandemic to maintain the safety of patients and 
providers, allowing patients to contact providers via audio or 
video using smart devices.25 The Remote Patient Monitoring 
(RPM) systems are healthcare applications that allow medical 
providers to monitor patients’ health outside clinical environ-
ments. RPM systems provide real-time health information for 
preventive care, including tracking physical activity, vital signs, 
and chronic conditions. These systems support continuous su-
pervision, early detection, and timely interventions, which can 
help prevent complications, emergency room visits, hospital-
izations, and readmissions, and reduce overall costs for seniors 
and healthcare systems. Hospital systems could reinvest these 
savings to improve access to medical services and healthcare 
resources.4,25 

RPM systems often focus on patient health tracking and 
anomaly detection. Many are facility-centered rather than 
personalized for seniors or families. These systems rely on tra-
ditional ML models and algorithms and rarely leverage FM/
LLM capabilities.4 AI chatbots, such as Babylon and Ada, as-
sist patients in recognizing symptoms and suggest potential 
further actions.14 Emerald aids in remote monitoring of sleep, 
breathing, and behavior as a wireless, touchless sensor and ML 
platform.14 Using motion and sound sensors, Google Nest 
monitors sleep and identifies disturbances like coughing.14 
CareTaker.ai, a smart health-monitoring and caretaker assis-
tant, is designed for senior healthcare and supports automated 
monitoring, user interaction, and detection of health risks using 
an SVM model.21 CaiTI leverages LLMs and sensor data for 
psychological therapy.26 ChatGPT is a general-purpose con-
versational agent based on an LLM architecture, but it is not 
intended for specialized or personalized healthcare guidance.27 
Autonomous ChatDoctor AI System utilizes ChatDoctor, a 
fine-tuned version of the general-purpose LLaMA model to 
provide medical consulting and informed advice.20 DrHouse is 
an LLM-powered virtual doctor system that supports multi-
turn diagnosis by utilizing patient sensor data and expert 
medical knowledge.26 

While various existing systems provide different medical ser-
vices, to the best of my knowledge, they lack one or more of the 
following: senior-focused personalization, a family-managed 
platform, expert healthcare guidance, conversational abilities, 
interoperability with digital health platforms, or the compre-
hensive integration of FM/LLM capabilities for tasks such as 
multimodal data analysis, concise routine and prompt-based 
summary report generation, risk prediction, disease diagnosis, 
or treatment recommendation. There remains an opportuni-
ty for an integrated platform that unifies FM/LLM-powered 
capabilities and provides personalized, proactive, interactive, 
family-managed remote healthcare for seniors, accessible to 
seniors, families, and medical providers.

�   Methods
1. Model Type and AI Technique:
AI techniques have exhibited significant potential in per-

forming diverse biomedical tasks, including interpreting 
radiology images, summarizing clinical information, and de-
livering accurate disease diagnoses.28 Gen AI, FMs, and LLMs 
have enabled innovative healthcare solutions by improving 
efficiency in information management, decision-making, and 
medical process.5 Gen AI has been identified as SPARK’s core 
AI technique.

•	 The medical domain is highly specialized and critical, 
and FMs/LLMs explicitly trained for biomedical appli-
cations can provide more accurate and reliable support 
than general-purpose FMs/LLMs. Therefore, SPARK 
is designed to leverage a biomedical FM/LLM. 

•	 Because healthcare data is fundamentally multimodal, 
SPARK would utilize a multimodal model rather than 
a unimodal one to process diverse data types effectively. 

•	 Efficiently managing complex workflows and perform-
ing diverse healthcare tasks would require SPARK to 
employ a multitask model instead of a single-task one. 

•	 A model built on an encoder-decoder architecture is 
expected to support comprehension, interpretation, and 
generation, rather than being limited to individual func-
tions. SPARK would potentially use an FM/LLM with 
an encoder-decoder architecture. 

•	 A unified architecture, in which a single model handles 
multiple data types and tasks, is preferred over modu-
lar models. SPARK would potentially employ an FM/
LLM built on a unified architecture to process multi-
modal health data, including medical notes, images, 
audio and video files, and time-series data, and perform 
multiple healthcare tasks, such as analyzing multimod-
al data, generating concise routine and prompt-based 
summary reports, predicting risks, diagnosing diseases, 
and recommending treatments. 

After examining the capabilities of FMs and LLMs to sup-
port the realization of SPARK, the type of FM/LLM that 
SPARK should leverage has been identified. A reliable, 
generative, multimodal, multitask biomedical FM/LLM, 
potentially built on a unified, encoder-decoder architecture, 
such as BiomedGPT, Med-PaLM M, and LLaVA-Med, 
adaptable to SPARK’s focus on senior care, can be applied to 
achieve SPARK’s objectives.

2. Dataset, Benchmarks, and Evaluation Metrics:
FMs/LLMs of the identified model type for SPARK must 

process multimodal health data, analyze and interpret inputs, 
generate accurate and reliable, multimodal, concise routine and 
prompt-based summary reports, predict risks, diagnose diseas-
es, recommend treatments, and support remote monitoring of 
senior wellness. These models should have been pre-trained on 
diverse datasets, trained using Reinforcement Learning from 
Human Feedback (RLHF), and be adaptable to ensure strong 
performance on healthcare tasks, address distribution shifts 
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presented by the domain, and maintain reliability in terms of 
quality, accuracy, and ethical standards.12

In recent years, there has been a surge in the development of 
FMs and LLMs for tasks such as NLP, CV, and healthcare due 
to the availability of extensive datasets and advances in DL.5 
Standardized metrics are employed to evaluate models and in-
dicate the degree of similarity between generated and reference 
answers, typically ranging from 0.0 to 1.0. For instance, BLEU 
evaluates word and phrase overlaps between a reference and a 
model’s output.17 High-quality benchmarks have significantly 
contributed to the advancement of AI. MultiMedBench is a 
multitask, multimodal biomedical benchmark comprising 14 
individual tasks across five task types and 12 de-identified 
open-source datasets.15 HealthBench is an open-source bench-
mark developed in collaboration with 262 physicians across 26 
specialties, with a collective practice experience spanning 60 
countries, and containing 5,000 realistic health conversations 
between models and users.6 In the medical domain, evalua-
tion metrics, datasets, and benchmarks play a crucial role in 
evaluating the performance, reliability, multimodal, and Gen 
AI capabilities of the models.6,15,23 FMs/LLMs would be 
evaluated using benchmarks such as HealthBench, Multi-
MedBench, DRAGON, and MultiMedQA; datasets such as 
MedQA, SLAKE, and PathVQA; and standardized metrics 
like F1-RadGraph and Accuracy.17,28,30 Table 2 presents various 
datasets and metrics for evaluating healthcare models.

Depending on the evaluation results, the best-performing 
model for SPARK would be selected. If needed, the model may 
be fine-tuned and/or adapted for specific tasks and further im-
proved through prompt engineering to enhance performance 
and enable efficient remote senior wellness monitoring.16

3. Tables: 
Table 1 lists the modalities, applications, and base models 

of healthcare FMs and LLMs.17 Table 2 presents various task 
types, domains/modalities, datasets, and metrics for healthcare 
FMs and LLMs.15,28

�   Discussion 
1. Overview and Applications of SPARK Health: 
SPARK Health (Smart Personalized Assistant for Remote 

Knowledge on Health) is a conceptual, family-managed, per-
sonalized healthcare AI assistant designed to help families 
with health monitoring and medical providers in healthcare 
decision-making, to support seniors’ healthcare remotely. 

SPARK aims to empower seniors to adopt healthier lifestyles, 
follow treatment plans, and manage their health by tracking 
their status, setting personal goals, and receiving reminders for 
medications and activities. It enables monitoring and guidance 
for seniors in their environments, without physical contact. 
Since their health information would be maintained digital-
ly, the inconvenience of managing paperwork can be avoided, 
and seniors and their providers could easily access their com-
prehensive health information from their devices during 
medical consultations. SPARK would provide personalized 
health guidance through individualized health tips, custom-
ized tasks, and condition-specific questionnaires tailored to 
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each senior’s unique needs, such as nutrition, exercise, biomet-
ric ranges, and medication, which would be co-developed by 
healthcare experts and the seniors’ families. It would also pro-
vide general age-related tips for seniors, including measures to 
prevent diabetes, memory loss, high blood pressure, dementia, 
mental health issues, arthritis, and other conditions.

SPARK would enable real-time monitoring of seniors’ 
health by care teams and empower them to stay updated de-
spite physical distance. To achieve this, it would communicate 
with external digital health platforms to aggregate real-time 
wellness data of various modalities, and monitor parameters 
such as vital signs, activity levels, and more. It would also accept 
multiple types of input through the user interface to increase 
diagnostic accuracy. SPARK would automatically send alerts to 
care teams or emergency services when needed. It would gen-
erate concise routine, and prompt-based summary reports and 
allow Users to choose between textual and conversational in-
put and output. SPARK would support comprehensive health 
history tracking by providing access to seniors’ data and health 
history reports when required. To ensure continuous care, it 
would offer centralized, secure storage and management of 
data, enable access from any location or device at any time, and 
support simultaneous access by multiple Users. 

SPARK would allow only healthcare providers to request 
risk predictions, disease diagnosis, and treatment recommen-
dations, as such information may cause stress to seniors and 
their families, and any inaccuracies could have serious conse-
quences.20 This measure would ensure that providers verify all 
medical information before it is communicated to seniors or 
their families. SPARK would help providers work more effi-
ciently by allowing them to focus on senior care and timely 
interventions, instead of spending time aggregating health in-
formation from various records, laboratories, and other sources. 
It would support providers in making decisions, minimizing 
professional stress and fatigue, and reducing the risk of diag-
nostic errors. It would ease the burden on the limited resources 
of the healthcare system and save costs for seniors, families, and 
healthcare systems. 

SPARK aims to support individualized health tracking and 
reporting, keep all stakeholders informed through a shared, 
integrated platform, and help achieve significant outcomes in 
senior care.

2. System Architecture and Implementation: 
The system architecture of SPARK is shown in Figure 4. 

SPARK would comprise a cloud-based user interface (UI), 
backend application, and database, and would interact with 
Users, external health data sources, and a generative, multi-
modal, multitask biomedical FM/LLM.4,18,27 

Simulated Workflow: 
Users (Stakeholders) → Data Acquisition (UI and Digital 

Health Platforms) → Data Preprocessing and Storage (Back-
end and Database) → Data Processing and Output Generation 
(FM/LLM) → Output Presentation and Notifications (UI 
display/voice-based, Alerts, Reminders) → Evaluation and Re-
finement → Deployment and Maintenance

Users (Stakeholders): 
Primary Stakeholders would include seniors, their family 

members, primary care physicians, geriatricians, nutritionists, 
and specialists (e.g., cardiologists and neurologists), all of 
whom can access SPARK with role-based privileges granted 
with the senior’s consent. Users would interact with SPARK 
through the UI for health monitoring and healthcare deci-
sion-making. Each user would have a login profile, and either 
the senior or a designated family member would be the chief 
user and manage permissions for other roles. Seniors may have 
limited access depending on their health and/or their fami-
ly’s judgment. SPARK supports multiple user profiles e.g., for 
households with multiple seniors.

Data Acquisition: 
Users provide prompts, questionnaire responses, health re-

cords, and other inputs through the UI in text or voice formats, 
and in various multimodal health data types. SPARK would 
also aggregate data from multiple external health sources 
through application programming interfaces (APIs). 

The data would be in diverse types, including text (e.g., med-
ical notes), medical images (e.g., X-rays), audio files (e.g., heart 
sound recordings), video files (e.g., physical therapy exercises), 
time-series data (e.g., heart rate), sequence data (e.g., genomic 
sequences), and graph data (e.g., medical knowledge graphs).5,15 

Data sources would include wearable devices (e.g., fitness 
trackers, smartwatches, and ECG monitors), sensors, health 
applications (e.g., EHRs), medical imaging systems, smart 
home technologies, and laboratory reports covering domains 
such as radiology, pathology, dermatology, mammography, and 
genomics. 

SPARK would capture various physiological data in real 
time, including heart rate, sleep patterns, glucose levels, body 
temperature, oxygen saturation, respiratory rate, ECG signals, 
blood pressure, and activity metrics such as steps, distance, and 
calories burned.4,13,15,23

Data Preprocessing and Storage:
The cloud-based backend would manage the core logic of 

the system, control data flow, and ensure efficient communi-
cation between external entities and internal components in 
accordance with the programmed logic.

A cloud-based database would store seniors’ basic informa-
tion (name, age, weight, height, and BMI); health history (e.g., 
surgical and medication records); existing conditions; health 
tips; personal goals; advised tasks; current medications; and 
raw and preprocessed health data with timestamps and source 
identifiers for traceability and auditing, along with system-gen-
erated reports, allowing access to the data whenever needed.

The backend would communicate with APIs of external 
data sources to aggregate health data and also collect prompts 
and data entered through the UI. It would securely store them 
in the database via the database’s API. The backend would 
then preprocess the data by cleaning and structuring it and 
store this version in the database as well. It would structure 
user prompts into a format compatible with the FM/LLM. 
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It would de-identify sensitive information to ensure compli-
ance with privacy, security, and regulatory standards, such as 
the Health Insurance Portability and Accountability Act (HI-
PAA), and provide this data, along with the structured user 
prompts and other relevant information retrieved from the da-
tabase, to the FM/LLM via the model’s API.4,18,27

Data Processing and Output Generation:
A biomedical FM/LLM with generalization capabilities 

across multiple tasks, pre-trained on vast and diverse datasets, 
and adaptable to new tasks or data types through fine-tuning 
or prompt engineering, would be leveraged by in the system.

The model would accept input multimodal health data and 
prompts, analyze and interpret them accurately, and generate 
reliable reports in response to prompts for risk prediction, dis-
ease diagnosis, treatment recommendations, or as summaries 
based on user settings.

The backend would collect these reports and store them in 
the database.

Output Presentation and Notif ications:
The backend would display the output responses and reports 

on the user’s dashboard or provide them through voice-based 
interaction, as requested. It would also send notifications, such 
as reminders and alerts, to seniors, care teams, or emergency 
services based on user preferences and permissions.

Evaluation and Ref inement: 
SPARK would be evaluated through a structured evalua-

tion plan that combines controlled environment testing with 
standardized measurements. A human-in-the-loop approach 
would be incorporated throughout the evaluation pro-
cess. Access controls, multiple layers of data protection, data 
de-identification, and compliance with privacy and regulatory 
standards such as HIPAA would be implemented to safeguard 
all information. In the controlled testing environment, human 
verifiers or synthetic patient data would provide inputs via the 
UI and relevant health sources. SPARK would incorporate 
a feedback mechanism in which human verifiers, including 
medical providers, could assess the system’s usability, fairness, 
and accuracy of outputs.14 The insights from these evaluations 
would be used to refine SPARK iteratively. Testers would assess 
SPARK on metrics such as reliability, robustness, and stabili-
ty.14 It would also be evaluated for interoperability across all 
internal and external components, response time, and overall 
technical performance. 

Additionally, the integrated FM/LLM within SPARK 
would be evaluated using benchmarks such as HealthBench, 
MultiMedBench, DRAGON, and MultiMedQA; datasets 
such as MedQA, SLAKE, and PathVQA; and standardized 
metrics such as F1-RadGraph and Accuracy.17,28,30

System Deployment and Maintenance: 
SPARK would be deployed as a scalable, cloud-based plat-

form for real-world use, accessible through web portals and 
mobile applications, offering anytime, anywhere access for 
seniors, family members, and healthcare providers. It would 

ensure transparency and maintain documentation to support 
explainability and reliability. 

Maintenance would involve continuous monitoring for risks 
and adverse events, feedback-based refinements, regular system 
audits (e.g., Responsible AI (RAI) black box assessments and 
co-versioning registry), and routine software updates to main-
tain compliance, accuracy, and efficiency.14,18 These measures 
would ensure SPARK would remain a reliable, high-quality 
platform for all stakeholders.

�   Challenges 
Ensuring the effectiveness, usability, accuracy, and ethical 

deployment of the model and the system remains a central 
challenge. Key challenges include: 

•	 Model accessibility: Open-source models, such as 
BiomedGPT, have significant potential for integration 
with SPARK. In contrast, closed-source models, like 
Med-PaLM M, cannot be used directly but can serve as 
references for identifying similar models. 

•	 Model selection: SPARK requires evaluation of multi-
modal, multitask biomedical FMs and LLMs that can 
provide risk predictions, disease diagnoses, treatment 
recommendations, and summaries. Selection focuses on 
models trained on governed data, designed with ethi-
cal principles, and subjected to ethical audits to ensure 
transparency, explainability, accuracy, fairness, and safe-
ty.5,18 

•	 Bias mitigation and fairness: Model outputs may reflect 
bias due to training on large-scale, unstructured online 
data.12 SPARK aims to leverage a carefully developed 
FM/LLM and incorporate human feedback and eth-
ical audits to promote fairness and generate unbiased 
outputs.8 

•	 Hallucinations and output reliability: Models may gen-
erate outputs that deviate from user input, context, or 
facts. SPARK would interact with FM/LLM trained 
using techniques such as RLHF and incorporate human 
verification and safety prompts to improve output accu-
racy and reliability.5,12

•	 Privacy and data protection: SPARK would comply 
with regulatory standards, such as HIPAA, and imple-
ment strict access controls, data de-identification, and 
multiple layers of data protection for sensitive informa-
tion, including seniors’ social demographics and medical 
histories.13
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�   Conclusion 
This paper systematically reviewed AI technologies in 

healthcare, primarily FMs and LLMs, highlighting their po-
tential to support healthcare. Based on this review, leveraging 
a reliable, generative, multimodal, multitask biomedical FM/
LLM, potentially built on a unified, encoder-decoder trans-
former architecture, represents a promising approach for 
virtual real-time health monitoring and healthcare deci-
sion-making. The paper also introduced a conceptual proposal 
for SPARK Health, a family-managed, personalized healthcare 
AI assistant, along with its system architecture and potential 
applications for remote care of seniors. SPARK Health would 
be implemented; an FM/LLM of the identified type would 
be evaluated and leveraged; and the complete setup would be 
assessed, deployed, and maintained. Given the projected short-
age of 18 million healthcare professionals by 2030, based on 
current trends in global healthcare demand, AI systems have 
the potential to address this shortage effectively.14 SPARK 
Health aims to address the urgent challenges of remote senior 
care and promote proactive healthcare via an integrated plat-
form accessible to multiple stakeholders. It is designed to help 
seniors live their later years in good health, comfort, and digni-
ty, while enabling families and healthcare providers to manage 
care efficiently. SPARK Health is conceptualized as an inno-
vative solution that integrates with digital health platforms 
and leverages a multimodal, multitask biomedical FM/LLM 
to provide comprehensive, personalized, proactive, conversa-
tional, and collaborative real-time remote healthcare support 
to seniors, managed by families with healthcare provider in-
volvement. With its primary goal of supporting the well-being 
of seniors, their families, medical providers, and healthcare sys-
tems, SPARK Health aims to align with the UN Decade of 
Healthy Ageing (2021-2030).3 Technology’s ultimate purpose 
is to benefit humanity, and SPARK Health, as a human-AI 
technological solution, is envisioned to pursue that purpose.
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