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ABSTRACT

Access to reliable chronic disease knowledge remains uneven in settings with limited specialist availability,
computing resources, connectivity, and funding for developing artificial intelligence (AI) systems. This Paper
presents a frugal and responsible knowledge-support framework using diabetic retinopathy (DR) as a use-case
domain. The framework converts a curated medical research collection into cleaned passages, clinical entities,
knowledge graph (KG) relationships, and compact semantic embeddings stored in a local SQLite database. User
questions first pass through scope and safety screening before semantic, keyword, and KG retrieval assemble
relevant evidence. Responses can then be produced through a local template or a small language model (SLM),
with sources and an education-only boundary retained. The shared knowledge base of our Proof-of-Concept
(PoC) contained 160 papers, 6,431 embedded passages, 16,484 entity records, and 6,080 relationships. The
same architecture was adapted to two complementary scenarios (prevention counselling and treatment evi-
dence access). These adaptations were achieved mainly by changing the medical research corpus, terminolo-
gy, relationships, and question sets rather than by training separate large models. The PoC demonstrates the
feasibility of building an inspectable, locally stored, and optional clinical support system using modest infra-
structure. It does not provide diagnosis, treatment selection, or evidence of clinical effectiveness. Further work
would strengthen evaluation, multilingual support, urgent-care routing, evidence updating, and local generative
small-model integration.

Keywords: Frugal Artificial Intelligence; Responsible Artificial Intelligence; Diabetic Retinopathy; Chronic Dis-
ease Clinical Support; Retrieval-Augmented Generation; Knowledge Graphs; Small-Model Retrieval; Global South

Abbreviations: Al: Artificial Intelligence; KG: Knowledge Graph; SLM: Small Language Model; PoC: Proof-Of-
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Introduction

people with diabetes, representing approximately 103 million adults
in 2020. This number was projected to rise to more than 160 mil-

Diabetes is a rapidly growing global health challenge. The Inter-
national Diabetes Federation estimated that 589 million adults were
living with diabetes in 2024 and projected this number to reach 853
million by 2050 [1]. As more people live longer with diabetes, the
burden of related complications will also increase. Diabetic retinop-
athy (DR) is among the most critical of these complications because
it can progress without early symptoms and may lead to avoidable
visual impairment when screening and treatment are delayed [2]. A
global systematic review (SR) estimated that DR affected 22.27% of

lion by 2045. The burden is not evenly distributed, with particularly
high prevalence and projected growth in several regions that include
low-income and middle-income countries [3]. Prevention, regular ret-
inal assessment, early detection, and timely treatment are therefore
important parts of the wider diabetes care direction [2,4]. Despite
this need, access to DR knowledge and services remains uneven. The
World Health Organization (WHO) has emphasized integrating evi-
dence-based eye care interventions into health systems, particularly
in low-income and middle-income countries [4].
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However, national planning for DR screening remains limited in
many such settings, with reported challenges including weak service
integration, limited long-term funding, unclear referral pathways,
shortages of trained personnel, and gaps in public and profession-
al awareness [5,6]. These challenges affect not only screening and
treatment but also access to clear and reliable knowledge for educa-
tors, students, primary care teams, and people living with diabetes.
Recent advancements in generative artificial intelligence (GAI) offer
new ways to search, summarize, and communicate medical informa-
tion [7]. However, unrestricted reliance on large general purpose lan-
guage models (LLMs) is difficult to justify in health contexts. Their
responses may be difficult to trace to specific evidence, and their
deployment may depend on substantial computing resources, com-
mercial services, reliable connectivity, and external data processing
[8,9]. The WHO has therefore emphasized that Al for health should
be designed around transparency, accountability, safety, human over-
sight, and protection of individual and public interests [8,10]. Retriev-
al augmented generation (RAG) offers a more grounded alternative by
connecting language generation to external evidence collection rath-
er than relying only on knowledge stored within model parameters
[11]. Compact transformer models can also reduce the computational
demands of semantic text processing while retaining useful language
representations [12,13].

A related diabetes focused PoC has combined peer-reviewed lit-
erature, KG construction, graph-based retrieval, and a local language
model to support evidence-grounded knowledge access [14]. These
developments create an opportunity to place evidence retrieval,
structured knowledge, and safety controls before generation. How-
ever, their responsible use in health requires clear boundaries: re-
trieved evidence may still be incomplete, knowledge graph (KG) links
may not imply causality, and fluent output must not be treated as per-
sonal diagnosis or treatment advice [8,10]. The proposed approach,
as illustrated in Figure 1, responds to challenges in evidence access,
specialist availability, connectivity, computing resources, model cost,
and answer reliability through an affordable, grounded, inspectable,
adaptable, and safety-bounded design. Against this background, this
Paper presents a frugal and responsible knowledge support frame-
work using DR as a PoC domain. The framework converts a bounded
collection of literature into cleaned passages, clinical entities, KG rela-
tionships, and compact semantic embeddings stored in a local SQLite
database. At query time, safety screening is applied before hybrid
passage and graph retrieval. Retrieved evidence is then presented
through a local template or an optional language model, with sources
and an education-only boundary.

CHRONIC DISEASE KNOWLEDGE CHALLENGES
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Figure 1: From chronic disease challenges to a frugal and responsible Al framework.
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The Paper uses one shared implementation as its technical core
and examines two adaptations (prevention counselling and treat-
ment evidence access). These adaptations reuse the same architec-
ture while changing the corpus, terminology, relationship emphasis,
and question set. The purpose is not to develop a diagnostic system
or replace clinical services. Rather, the work explores whether curat-
ed evidence, structured knowledge, lightweight retrieval, and explicit
safety controls can provide a practical foundation for chronic disease
education in resource-constrained settings. The contribution is there-
fore threefold. First, the Paper provides an operational account of fru-
gal and responsible health knowledge support rather than treating
these terms as general aspirations. Second, it shows an end-to-end
DR implementation using open tools, local storage, compact retriev-
al, and optional generation. Third, it shows how the same framework
can be adapted to prevention-based and treatment-based knowledge
needs without making repeated large model training the default ap-
proach. The framework is described as Global South (GS)-based, not
as a clinically validated deployment across GS. Its relevance comes
from its emphasis on modest infrastructure, local inspectability,
open tools, intermittent connectivity potential, and capacity building
[9,15,16]. Its clinical usefulness, safety, multilingual accessibility, and
real-world acceptability will require stronger evaluation before any
patient facing application [8,10].

The remainder of this Paper is organized as follows. Section 2 re-
views related work on RAG, medical KGs, compact language models,
and responsible health Al Section 3 presents the frugal and respon-
sible design goals. Section 4 describes the framework and its DR PoC
implementation. Section 5 explains the prevention and treatment
adaptations, including the worked retrieval example. Section 6 dis-
cusses the main findings, limitations, future priorities, and concluding
remarks.

Background and Related Work

The technical foundation of this Paper lies at the intersection of
RAG, biomedical KGs, compact language models, and responsible Al
These areas offer complementary strengths. Retrieval provides access
to external evidence, KGs organize clinical concepts, compact models
reduce computational demand, and responsible Al principles define
how the system should behave in a health context.

Retrieval Augmented Health Information

RAG was introduced to connect language generation with exter-
nal knowledge rather than relying only on information stored within
model parameters. A typical RAG system indexes a document collec-
tion, retrieves passages relevant to a user’s question, and provides
those passages to a language model during answer construction [11].
This approach can make evidence updates easier because new docu-
ments can be added to the retrieval collection without retraining the
complete model. Health related studies have increasingly applied this
approach to clinical guidelines and patient education [17], for exam-

ple, showed that restructuring hepatology guidelines and providing
them as retrieved context substantially improved the accuracy of lan-
guage model responses. In diabetes education, [12] evaluated a RAG
system across 43 common questions and reported improvements
in response accuracy, completeness, and understandability across
several general-purpose language models. Similarly, the Almanac
framework connected language model responses to curated medical
resources, showing how retrieval can support source grounded an-
swers to clinical questions [18].

These findings support the value of retrieval for domain specific
health questions. However, RAG does not make a health system auto-
matically reliable. Its output still depends on the quality of the source
collection, document processing, retrieval method, ranking strategy,
and generation prompt [19]. Incorrect or weakly related passages can
still lead to misleading answers. Responsible use therefore requires
source traceability, clear scope boundaries, human review, and safety
controls in addition to retrieval itself [8,10]. These requirements are
consistent with the WHO’s emphasis on transparency, accountability,
safety, and human oversight in health AL

Knowledge Graphs for Structured Medical Evidence

Biomedical KGs represent information as entities and relation-
ships [20]. In a DR context, entities may include diseases, risk fac-
tors, disease stages, treatments, drugs, biomarkers, and outcomes.
Relationships can then connect concepts such as a risk factor with a
complication or a treatment with disease manifestation. KGs can com-
plement passage retrieval by making important concepts easier to
locate and inspect. [21] showed this approach by constructing a dia-
betes complications KG from expert-reviewed clinical evidence. Their
work showed how disease, risk factor, and outcome information can
be transformed into a structured representation rather than retained
only as unconnected text. More recently, [14] combined a locally op-
erated language model with KG-supported retrieval in a gestational
diabetes PoC, showing how graph structures and retrieved literature
can be integrated within an evidence-grounded question-answering
workflow. In this Paper, the value of a KG is mainly organizational. It
helps users and developers understand which concepts were identi-
fied and how they were connected in the retained literature. It also
supports adaptation because new terms and relation types can be
added without retraining the complete retrieval system.

However, Graph relationships must be interpreted carefully. A re-
lationship produced through co-occurrence or a matching rule does
not necessarily establish causality, treatment effectiveness, or clinical
recommendation. The original passage and source remain necessary
for interpretation. The framework therefore uses the graph to guide
retrieval and improve transparency, not as an autonomous clinical
reasoning engine.

Compact Models and Frugal Language Processing

Large transformer models can require substantial memory, com-
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putation, and serving infrastructure [22]. Model compression meth-
ods provide one route to reducing these requirements. MiniLM uses
knowledge distillation to create smaller transformer representations
while retaining much of the performance of larger teacher models
across language understanding tasks [12]. The design framework
uses all-MiniLM-L6-v2 as a compact sentence embedding model. Its
role is limited to representing questions and passages for semantic
retrieval. It is not used for personal diagnosis, treatment selection, or
independent clinical reasoning [12,13]. This limited use is important
to the Paper’s definition of small model Al. The system does not claim
that every answer is generated by a locally deployed small generative
model. Instead, it combines compact retrieval with local storage and
template-based answer construction. An external language model can
be added for smoother wording, but it is not required for evidence
retrieval or source presentation. This architecture differs from many
medical RAG studies that retain a large cloud-based language model
as the central answering component [17-19].

Previous work has shown that RAG can improve the performance
of such models, but fewer implementations treat generation as option-
al while combining local storage, controlled terminology, KG retriev-
al, and pre-answer safety screening. This gap is especially relevant
where continuous connectivity, commercial APIs, and high-perfor-
mance infrastructure cannot be assumed [9,15]. This comparison is
an inference from the selected RAG and KG studies rather than a claim
from a formal systematic review.

Positioning of the Design Framework

Existing work establishes the value of external retrieval, struc-
tured clinical knowledge, and compact language representations
[11,13,20]. The framework presented in this Paper brings these ele-
ments together around four priorities:

. Bounded and locally stored literature collection.

Table 1: Operationalization of frugal and responsible design principles.

o Hybrid passage and KG retrieval.
. Template first and optional language model answering.
. Safety screening before a medical response is produced.

Its contribution is therefore not a new foundational model or a
clinical decision system. It is an integrated PoC architecture show-
ing how existing methods can be combined into a more inspectable
and resource aware form of chronic disease knowledge support. The
framework is also adapted through changes to evidence and terminol-
ogy rather than repeated large model training. This is shown through
its prevention counselling and treatment evidence applications. The
next section defines the frugal and responsible principles that guided
these implementation choices.

Design Goals: Frugal and Responsible

The framework was designed around a simple idea: useful health
knowledge should not depend on expensive computing infrastruc-
ture, continuous internet access, or unrestricted use of LLMs. This is
especially important in resource constrained settings, where special-
ist support, technical capacity, and funding may be limited. In such
environments, an Al system must do more than produce fluent text.
It should also be affordable, maintainable, transparent, evidence
grounded, and clear about what it can and cannot do [8,10,15]. Fru-
gality and responsibility were therefore treated as connected design
goals. A low-cost system is not useful if it produces unreliable medical
information, while a responsible system is difficult to sustain if it de-
pends on infrastructure that intended users cannot access. The PoC
combines lightweight technologies with source grounding, inspect-
able knowledge structures, safety checks, and an explicit ‘education
not diagnosis’ boundary. Table 1 presents how these principles were
implemented [8,11,12,21].

Design Principle

Operationalization in the Proof of Concept

Frugal computation

Open Python tools and a compact embedding model that can operate on ordinary computing hardware

Frugal storage

Portable SQLite databases requiring no separate database server

Limited dependence on large models

Template first answering with optional language model wording

Evidence before generation

Answers are based on retrieved passages from a bounded literature corpus

Transparency

Editable dictionaries, inspectable relationships, retrievable passages, and local query outputs

Safety before answering

Personal diagnosis and treatment selection requests are screened before generation

Knowledge-based adaptation

Prevention and treatment scenarios are specialized through corpus and terminology changes

Global South orientation

Local storage, modest infrastructure, open tools, and opportunities for local capacity building

Frugal System Design

Generally speaking, frugal systems are designed to fulfil the sat-
isficing principle rather than provide optimized solutions. The first
goal was to reduce unnecessary dependence on high-performance

computing [15,22]. The framework uses open-source tools and does
not require the training or fine-tuning of a large generative model.
Semantic retrieval is supported by all-MiniLM-L6-v2, a compact sen-
tence embedding model that represents user questions and literature
passages in a shared semantic space [12,13]. Its role is limited to iden-
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tifying relevant evidence. It is not used to diagnose disease, predict
outcomes, or independently recommend treatment. The processed
papers, passages, embeddings, entities, and relationships are stored
in SQLite. This lightweight database does not require a separate serv-
er and can be retained as a single local file. The shared DR database
occupies approximately 64.4 MB, while the treatment and preven-
tion adaptations occupy 23.6 MB and 16.5 MB, respectively. These
modest sizes support local storage, backup, inspection, and transfer
between ordinary computing environments. The system also uses a
template-first answer pathway. Retrieved evidence can be organized
into an educational response without sending the question or source
material to an external service.

This keeps the main workflow usable when internet access, API
funding, or cloud services are unavailable. An external language mod-
el can be added to improve readability, but it is treated as an optional
wording layer rather than the main source of knowledge. This design
follows a ‘small before large’ philosophy. The system first identifies
concepts, retrieves passages, examines KG relationships, and assem-
bles the supporting evidence. Language generation is introduced only
after these steps. The PoC therefore shows small model retrieval and
structured evidence processing rather than claiming that every an-
swer was produced by a locally deployed generative small language
model. Because the architecture is modular, a local generative model
could later replace the external service without rebuilding the corpus,
graph, embeddings, or safety layer.

Evidence, Transparency and Safety

The main responsible design principle is that answers should be-
gin with evidence rather than model memory [11,18]. The framework
searches a bounded DR corpus and retrieves relevant passages before
building a response. This creates a traceable path from the question
of the user to the literature used in the answer. Retrieval does not
guarantee that every source is complete or correct, but it makes the
evidence visible and reviewable [8,19]. This is particularly import-
ant in healthcare, where a fluent response may appear trustworthy
even when it is unsupported. Separating retrieval from generation
lets users and developers inspect whether the response connects to
relevant literature, rather than judging it only by tone or confidence.
The framework adds a KG to organize clinically meaningful concepts,
including diseases, disease stages, risk factors, treatments, drugs, bio-
markers, and treatment outcomes [20,21]. These concepts are identi-
fied using controlled dictionaries and matching rules. The terminolo-
gy and relationships can be reviewed and edited directly, making the
system more transparent than one that depends entirely on opaque
model behaviour. The graph is used for organization and retrieval, not
as a complete clinical ontology.

Relationships based on co-occurrence or predefined rules should
not be interpreted as proof of causality or treatment effectiveness.
Their purpose is to show how concepts are connected within the
retained literature and to help the system locate relevant evidence.
Safety controls are applied before generating an answer. The system

is designed for education and knowledge support, not for personal
diagnosis, medication changes, or treatment selection. It may explain
the general role of anti-vascular endothelial growth factor therapy, for
example, but it should not decide whether a particular person should
receive a specific injection. Questions requesting personal diagnosis,
treatment selection, medication changes, or unsupported health pre-
dictions are refused or redirected to qualified care. A disclaimer is
also added to the output, but it is treated as a secondary protection.
The main protection is blocking an inappropriate request before pro-
ducing a detailed answer. Urgent symptoms require an even stronger
boundary. A question describing sudden vision loss should prioritize
immediate professional care rather than return a long literature sum-
mary. The current system recognizes this as a design requirement,
although urgent care routing still requires broader testing before re-
al-world use.

Transparency also supports system maintenance. When retrieval
is weak, the team can examine the corpus, cleaned text, dictionary,
graph relationships, or ranking logic. In the treatment adaptation,
we addressed weak domain coverage by expanding the dictionary
from approximately 84 to 190 terms and adding categories for drugs,
biomarkers, and treatment outcomes. This measure-revise-reassess
process is more inspectable than attempting to solve every weakness
through larger-model prompting.

Adaptation and Global South Orientation

A further goal was to make the framework reusable across relat-
ed chronic care scenarios. The prevention and treatment adaptations
retained the same core architecture but differed in their evidence
collections, terminology, relationships, and questions. The preven-
tion adaptation emphasized glycaemic control, blood pressure, lipid
management, pregnancy, screening, and modifiable risk factors. The
treatment adaptation emphasized anti-vascular endothelial growth
factor therapy, laser procedures, vitrectomy, drugs, biomarkers, and
treatment outcomes. These differences were introduced mainly by
adapting the corpus and structured knowledge rather than training
separate large models. This approach is relevant to resource-con-
strained environments of Global South because repeated model train-
ing can be expensive, technically demanding, and difficult to maintain.
Corpus and dictionary updates are comparatively easier to review,
document, and improve over time. They also allow domain experts
and junior researchers to contribute directly to system development.
The framework is described as satisficing rather than as clinically val-
idated optimal deployment.

Its use of open tools, local storage, CPU-compatible retrieval,
optional cloud generation, and modular adaptation respond to com-
mon limitations such as limited infrastructure, variable connectivi-
ty, restricted specialist access, and the need for locally maintainable
systems. The development process also supported capacity building.
Junior researchers could participate in literature curation, terminol-
ogy development, knowledge base construction, and question testing
without needing to train a complex language model. This shifts Al
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work from passive use of commercial systems toward a clearer un-
derstanding of how evidence, retrieval, and safety interact. Import-
ant boundaries remain. The current literature is mainly English-lan-
guage and influenced by open-access availability. The framework
has not been clinically deployed, evaluated across health systems, or
shown to improve patient outcomes. It should therefore be under-
stood as an educational and technical PoC with potential relevance
to resource-constrained settings. The design places curated evidence,
structured knowledge, lightweight retrieval, and safety controls
before generative complexity. This position guides the end-to-end
framework described in the next section.

Framework and Proof-of-Concept Implementation

The design framework converts a bounded collection of DR liter-
ature into a searchable and inspectable knowledge support system.

It separates knowledge preparation from real-time question answer-
ing. In the offline stage, selected publications are cleaned, divided
into passages, enriched with clinical concepts and relationships, em-
bedded using a compact semantic model, and stored locally. In the
online stage, a user’s question first passes through safety and scope
checks. The system then retrieves relevant passages and KG links be-
fore presenting the evidence through a local template or an optional
language model. Figure 2 provides an overview of these two connect-
ed stages. The offline knowledge refinery converts selected literature
into cleaned passages, clinical entities, relationships, semantic em-
beddings, and a local SQLite knowledge base. The online workflow
applies safety screening, hybrid retrieval, KG retrieval, evidence as-
sembly, and template first or optional language model wording. The
generative component is therefore an optional presentation layer
rather than the complete system.

A. OFFLINE KNOWLEDGE REFINERY

Literature search and selection
(journal allowlist and cpen-access preference)

v

Open-access PDF collection

v

Text extraction and cleaning
{PyMuPDF)

v

Overlapping passage construction
(220 words / 40-word overlap)

v

Dictionary-based entity extraction

v

Relationship construction
(co-occurrence rules)

v

Compact embedding model
all-MiniLM-L6-v2

v

SQLite knowledge base
papers - passages - embeddings - entities - relationships

B. ONLINE RESPONSIBLE Q&A

User question

v

Scope and safety screening
(education-not-diagnosis boundary)

v
Question and entity analysis

2

Hybrid retrieval
(semantic + keyword)

2

Knowledge-graph retrieval
(entities + relationships)

v

Evidence assembly

v

Template-first answer
or optional language-model wording

v

Grounded educational response
+ sources + disclaimer

The generative language model is an optional werding layer, not the complete system.
Retrieval, knowledge-graph processing, and safety screening operate independently of generation.

Figure 2: End-to-end architecture of the frugal and responsible DR clinical assistant.
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Offline Knowledge Refinery

The offline stage prepares the evidence base before any user
question is submitted. This reduces query-time processing and allows
the underlying literature, terminology, and knowledge structures to
be reviewed and updated independently. The process begins with lit-
erature collection. Relevant DR studies were identified through Se-
mantic Scholar searches, a journal allowlist, and manual relevance re-
view. The project prioritized open-access papers because they could
be downloaded, processed, and retained locally without continuous
access to commercial publisher platforms. The final shared database
contained 160 papers published between 2020 and 2024, covering
risk factors, screening, disease stages, diabetic macular edema, pre-
ventive management, and treatment approaches. The use of a bound-
ed corpus was deliberate. The framework does not search the entire
internet whenever a question is asked. Instead, it retrieves from a
defined collection that has already passed through the project’s selec-
tion and processing workflow. This makes the evidence environment
easier to inspect and improves traceability. However, it also means
that the quality and coverage of the system depend on the selected
literature.

Open-access preference and journal-based filtering may exclude
relevant subscription-based studies, clinical guidelines, regional
publications, and implementation evidence. The collection should
therefore be understood as a proof-of-concept corpus rather than a
complete systematic review. Selected PDFs were converted into ma-
chine-readable text using PyMuPDF. Cleaning reduced repeated head-
ers, footers, spacing problems, page artefacts, and other noise intro-
duced during PDF extraction. The cleaned text files were retained as
intermediate outputs so that obvious extraction errors could be iden-
tified before indexing. Each document was then divided into passages
of approximately 220 words, with an overlap of 40 words between
adjacent passages. The overlap helps preserve statements that cross a
passage boundary, while the selected length provides enough context
for interpretation without requiring the system to retrieve a complete
paper. These passages became the main units for semantic search and
answer grounding. The next stage added a structured knowledge lay-
er. Controlled dictionaries identified concepts such as diseases, dis-
ease stages, risk factors, symptoms, screening methods, treatments,
drugs, biomarkers, and treatment outcomes. Dictionary-based ex-
traction was selected because it is lightweight and easy to inspect.

Terms can be added, corrected, or removed without retraining a
clinical information-extraction model. Relationships were construct-
ed when relevant concepts appeared together or satisfied predefined
rules. For example, a passage discussing hypertension in relation to
DR could support a risk related link, while a passage connecting an-
ti-vascular endothelial growth factor therapy with diabetic macular
edema could support a treatment related link. These relationships
help organize the literature and support concept-based retrieval. The
resulting KG is not presented as a complete clinical ontology. Many
links reflect textual co-occurrence or rule-based associations and

should not be interpreted as proof of causality, treatment effective-
ness, or universal clinical guidance. Its purpose is practical (to make
the evidence easier to organize, retrieve, and inspect). Each passage
was also converted into semantic embedding using all-MiniLM-L6-v2.
The same compact model represents user questions, allowing the sys-
tem to retrieve conceptually related passages even when the wording
differs. For example, a question about “preventing eye complications
from diabetes” may still retrieve literature discussing “reduction of
DR progression.”

The embedding model is used only for retrieval. It does not di-
agnose disease, predict outcomes, or make treatment decisions. Pas-
sage embeddings are generated once during database construction
and stored locally, so only the incoming question must be embedded
during an online query. The papers, passages, embeddings, entities,
relationships, and source links are stored in SQLite. This server-free
format allows each knowledge base to be retained as a single local
file, supporting backup, inspection, transfer, and possible use under
limited-connectivity conditions.

Online Responsible Question Answering

The online stage begins when a user submits a question. Before
retrieving evidence, the framework checks whether the request
falls within its educational scope. General questions about DR, risk
reduction, screening, or treatment evidence are allowed to proceed.
Requests for personal diagnosis, individual treatment selection, med-
ication changes, or unsupported predictions are refused or redirect-
ed. The system may explain how anti-vascular endothelial growth
factor therapy is generally used, but it should not decide whether a
particular person should receive a specific injection. This safety-first
order is important. Responsibility should not depend only on adding
a disclaimer after an unrestricted answer has already been produced.
The primary protection is the decision made before retrieval and gen-
eration about whether the request is appropriate. The current safety
layer uses pattern-based and scope-based rules. These rules can be
inspected and revised, but they do not guarantee complete cover-
age. Users may express unsafe requests indirectly or in unexpected
language. Questions describing sudden vision loss or severe visu-
al change also require stronger urgent care routing. Such questions
should prioritize immediate professional assessment rather than re-
turn a long literature summary. This behaviour remains a design re-
quirement that needs broader testing before real-world deployment.
Once a question is permitted, the system retrieves evidence through
three complementary routes:

1. Semantic Retrieval: Which identifies passages with similar
meaning,.

2. Keyword Retrieval: Which preserves exact clinical terms,
drug names, and procedure names.

3. KgRetrieval: Which identifies relevant entities and relation-
ships.
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These approaches address different limitations. Semantic re-
trieval helps when the question and literature use different wording.
Keyword matching is important for exact terms such as drug names
or abbreviations. KG retrieval adds structured context by linking the
concepts found in the question to related risks, treatments, biomark-
ers, or outcomes. The retrieved results are ranked and assembled into
a compact evidence package containing the most relevant passages,
detected concepts, graph relationships, source identifiers, and avail-
able relevance information. Only this selected evidence is passed to
the answering component, rather than the full literature collection.
The default answer pathway uses a local template. A template-based
response can contain a concise educational explanation, important
clinical concepts, supporting relationships, retrieved passages, source
details, and a scope disclaimer. Because it reorganizes retrieved ma-
terial rather than freely generating medical claims, its output is rela-
tively predictable and does not require an external generative service.
An optional language model can be used to improve readability and
combine the retrieved evidence into smoother prose.

However, the language model receives the evidence only after
retrieval and is expected to remain within that evidence boundary.
The system is therefore retrieval-first rather than model-first. The
corpus, KG, safety checks, and template mode remain usable when
the external generator is unavailable or replaced. The final output is
evidence grounded educational response rather than a clinical deci-

sion. Depending on the available metadata, it may include paper titles,
article identifiers, passage references, or other traceable source infor-
mation. It also explains that the response does not replace screening,
diagnosis, specialist assessment, treatment planning, or professional
judgement.

Quantitative Implementation Footprint

The shared implementation served as the canonical PoC system.
Two smaller knowledge bases were later created to examine whether
the same architecture could support treatment evidence access and
prevention counselling. Table 2 presents the verified footprint of all
three databases. All passages in the three databases had stored se-
mantic embeddings. As shown in Table 2, the shared system remained
small enough for local storage despite containing more than 6,000 re-
trievable passages and over 16,000 entity records. The treatment and
prevention databases were smaller adaptations rather than compet-
ing primary systems. Their role was to show how the knowledge layer
could be specialized while preserving the same core architecture. The
treatment adaptation also shows the value of controlled terminology.
Its dictionary was expanded from approximately 84 to 190 terms and
strengthened with categories for drugs, biomarkers, and treatment
outcomes. This improved the representation of treatment focused
literature without changing the embedding model, storage layer, or
overall retrieval workflow.

Table 2: Knowledge-base footprint of the shared framework and its two adaptations.

Knowledge Base Clinical Focus Papers AT | ISR iy Relationships I Datebase
es Records Passages Size
Shared main knowl- General diabetic-retinopa- 160 6,431 16,484 6,080 6,431 64.4 MB
edge base thy knowledge
Treatment adaptation | |reatment and therapeutic 62 2,346 6,388 2,562 2,346 23.6 MB
evidence
Prevention adaptation | L revention and counselling 39 1,640 2,986 787 1,640 165 MB
knowledge

Implementation of Components and Their Roles

Table 3 presents the main technical components and shows how
each contributes to the frugal and responsible design of the frame-

work. As Table 3 shows, no single model is treated as the system’s
complete intelligence. The implementation relies on a sequence of
bounded operations, beginning with evidence selection and ending
with evidence-based presentation.
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Table 3: Components of the PoC framework and their implementation roles.
Framework Component Tool or Method Main Function Frugality Contribution Responsibility Contribution

Literature collection

Semantic Scholar search,
journal allowlist, and manual
review

Build a bounded
evidence corpus

Prioritizes accessible litera-
ture and reusable metadata

Makes the evidence base iden-
tifiable and reviewable

PDF processing

PyMuPDF-based extraction
and cleaning

Converts articles into
usable text

Uses an open local processing
library

Allows extracted content to be
inspected before indexing

Passage construction

Approximately 220 words
with 40-word overlap

Creates focused
retrieval units

Uses simple and low-cost
preprocessing

Supports passage level evi-
dence grounding

Entity extraction

Controlled dictionaries and
matching rules

Identifies diseases,
risks, treatments,
drugs, biomarkers,
and outcomes

Avoids training a large ex-
traction model

Terminology can be reviewed
and edited

Relationship construction

Rule-based and co-occurrence

Connect relevant

Provides lightweight graph

Relationships remain inspect-

logic clinical concepts construction able and exportable
Semantic embeddings all-MiniLM-L6-v2 [12] Represent passage Compact anfi CPU compat- | Ensures retrieval occurs before
meaning for retrieval ible generation

Local storage

SQLite

Store papers, passag-
es, embeddings, enti-
ties, and relationships

Portable and server free

Supports local custody and
reproducibility

Hybrid retrieval

Semantic, keyword, and
knowledge-graph search [11]

Assemble ques-
tion-relevant evi-
dence

Avoids processing the full
corpus for each query

Reduces reliance on unsup-
ported model memory

Safety screening

Pattern-based and scope-based
rules

Detect inappropriate
personal medical
requests

Adds little computational
overhead

Blocks requests outside the
educational boundary

Answer construction

Local template or optional
language model

Present retrieved
evidence clearly

Remains usable without a
generative API

Retains sources and disclaim-
ers in the output

Modular and Reproducible Workflow

The framework was implemented as a staged pipeline rather
than a single monolithic application. The workflow covered literature
collection, PDF cleaning, passage construction, entity extraction, re-
lationship development, embedding generation, database construc-
tion, hybrid retrieval, safety checks, and answer presentation. Each
stage produced outputs that could be inspected before running the
next stage. This made it easier to identify whether weak retrieval re-
sulted from the source documents, PDF extraction, passage bound-
aries, missing terminology, graph relationships, or ranking logic. The
shared configuration files retained settings such as passage length,
overlap, embedding model, and database locations. The controlled
dictionaries were stored separately so that terminology could be ex-
panded without modifying the full codebase. The framework there-
fore contains both shared and adaptable elements. The shared ele-
ments include text processing, passage construction, embeddings,
SQLite storage, hybrid retrieval, safety screening, and answer assem-
bly. The adaptable elements include the literature corpus, controlled
terminology, entity categories, relationship rules, and intended ques-
tion set. For responsible dissemination, exclude environment files,
API credentials, and other secrets from any public archive. Reproduc-
ibility materials should instead include dependency requirements,
configuration examples, database-building instructions, and sample
questions.

Intended Use and Boundaries

The framework is intended to support literature navigation, pro-
fessional and student education, supervised patient education de-
velopment, prevention counselling preparation, treatment evidence
review, and responsible artificial intelligence training. It is not in-
tended to replace retinal screening, specialist examination, clinical
guidelines, diagnosis, prescribing, or professional judgement. Its con-
tribution is showing how a bounded medical evidence collection can
be transformed into an accessible, inspectable question-answering
resource using modest technical infrastructure. The next section ex-
amines how this shared framework was adapted to prevention coun-
selling and treatment evidence access through changes to the corpus,
terminology, relationships, and question sets.

Scenario-Based Adaptation of the Shared Framework

The PoC was adapted to two related knowledge needs (treat-
ment evidence access and prevention counselling). These were not
separate Al systems. Both reused the same workflow for literature
processing, passage construction, KG development, MiniLM-based
retrieval, SQLite storage, safety screening, and grounded answer con-
struction. The main changes concerned the literature included, the
terminology represented, the graph relationships emphasized, and
the questions asked. This approach supports the Paper’s central ar-
gument. The specialization can be achieved by adapting evidence and
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domain knowledge rather than repeatedly training large models. Fig-
ure 3 shows how the shared framework was extended to the two DR

scenarios. The two adaptations retain the same technical core but dif-
fer in their corpora, terminology, graph emphasis, and question sets.

SHARED CORE FRAMEWORK

=

=l

Y,

£ || 8

Clinical topics

Risk factors
* Glycaemic control

-

Blood pressure and lipids
* Screening education

+ Pregnancy-related risks

Prevention-focused corpus
Shared base terminology

Counselling question set

Literature Passage Knowledge MiniLM SQLite Safety, hybrid
processing construction graph embeddings storage anm’::::::tlriﬁnn
PREVENTION ADAPTATION TREATMENT ADAPTATION

Clinical topics
= Anti-VEGF therapy
= Laser treatment
= \itrectomy
= Drugs and biomarkers

* Treatment outcomes

Treatment-focused corpus
Expanded treatment dictionary

Therapeutic evidence questions

KEY DESIGN CLAIM

Specialization occurred mainly through changes to the corpus, terminclogy,
relationships, and question set—not through training separate large models.

Figure 3: Adaptation of framework for prevention counselling and treatment evidence access.

Treatment Evidence Adaptation

The treatment focused adaptation examined whether the shared
framework could support educational questions about DR therapies.
Its literature searches emphasized anti-vascular endothelial growth
factor therapy, laser procedures, vitrectomy, drugs, biomarkers, and
treatment outcomes. After manual relevance review, the treatment
database contained 62 papers and 2,346 passages, producing 6,388
entity records and 2,562 relationships. All passages had stored se-
mantic embeddings, and the complete SQLite database occupied ap-
proximately 23.6 MB. The original shared dictionary covered gener-
al DR concepts but lacked sufficient detail for specialized treatment
questions. It was therefore expanded from approximately 84 to 190

terms, with stronger coverage of drugs, biomarkers, procedures, and
treatment outcomes. This change improved the structured represen-
tation of the treatment literature without retraining the embedding
model or changing the database architecture. The adaptation was de-
signed for questions such as:

e Whatis anti-VEGF therapy used for?

e How is diabetic macular edema commonly treated?

e  Whatrole does laser treatment play in diabetic retinopathy?
¢  When is vitrectomy discussed in the literature?

e  Which biomarkers are studied in relation to treatment re-
sponse?
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These are educational questions rather than personal treatment
requests. The system may summarize how a treatment is discussed
in the literature, but it should not decide whether a particular person
should receive that treatment. The treatment work also provided an
important development lesson. Early retrieval was limited because
the generic terminology did not adequately represent the therapeu-
tic domain. Reviewing the weak outputs, expanding the vocabulary,
and rebuilding the knowledge base produced a more useful graph.
This showed that retrieval problems may sometimes be addressed
through better domain representation rather than larger models or
more complex prompting. Graph relationships connected treatments,
disease manifestations, drugs, biomarkers, and reported outcomes.
These links supported retrieval but did not independently establish
treatment effectiveness. Any interpretation of efficacy remained de-
pendent on the retrieved passage and its source.

Prevention and Counselling Adaptation

The prevention adaptation focused on risk reduction, screening,
and counselling rather than specialist procedures. Its database con-
tained 39 papers and 1,640 passages, producing 2,986 entity records
and 787 relationships. All passages had stored embeddings, and the
final database occupied approximately 16.5 MB. The main topics in-
cluded glycaemic management, blood pressure control, lipid manage-
ment, modifiable risk factors, retinal screening, pregnancy related
considerations, and general advice after a diagnosis of diabetes. These
topics reflect the wider chronic care pathway in which DR prevention
takes place. The typical questions included:

e  Which modifiable factors are associated with diabetic-reti-
nopathy risk?

¢ How does glycaemic control relate to progression?

e Why are blood-pressure and lipid management important?

e What considerations may apply during pregnancy?
¢ Why is regular retinal screening recommended?

The prevention implementation reused the shared processing
and retrieval pipeline. Unlike the treatment adaptation, it did not
require separately tracking a large dictionary expansion because
many prevention concepts were already represented in the gener-
al vocabulary. Its main specialization occurred through the selected
literature and the counselling-oriented question set. The prevention
works also explored differences between retrieval grounded respons-
es and answers from general purpose language models. These com-
parisons were useful for examining fluency, grounding, and cost, but
they were exploration rather than a formal model benchmark. The
main lesson was not that one model was universally better. Rather,
the retrieval-first framework could expose the passages and concepts
supporting its answers, while a general chatbot might provide fluent
text without an equivalent evidence trail. This scenario extends DR
support beyond ophthalmic procedures. It connects the condition to
the broader management of diabetes, including metabolic control,
cardiovascular risk factors, timely screening, and pregnancy related
monitoring. The framework does not directly manage these factors,
but it can organize evidence explaining why they matter.

Comparison of the Two Adaptations

Table 4 presents the main differences between the prevention
and treatment adaptations. As shown in Table 4, the treatment data-
base contained more entities and relationships. This does not mean
that it performed better than the prevention database. The difference
reflects its larger corpus and more detailed terminology for drugs,
procedures, biomarkers, and outcomes. The important result is archi-
tectural reuse. Both adaptations retained the same core framework
and changed only the evidence and knowledge components needed
for their intended roles.

Table 4: Adaptation of the shared framework to prevention and treatment scenarios.

Dimension Prevention Adaptation

Treatment Adaptation

Primary purpose

Risk reduction and counselling education

Treatment and therapeutic evidence access

Main topics

Glycaemia, blood pressure, lipids, pregnancy,

Anti-VEGEF therapy, laser, vitrectomy, drugs, biomarkers, and

screening, and modifiable risks outcomes
Papers 39 62
Passages 1,640 2,346
Entity records 2,986 6,388
Relationships 787 2,562
Embedded passages 1,640 2,346
Database size 16.5 MB 23.6 MB

Terminology adaptation

Shared base terminology retained

Dictionary expanded from approximately 84 to 190 terms

Example question

How can diabetic-retinopathy risk be reduced?

How is diabetic macular edema treated?

Main lesson !
ed retrieval

A focused corpus can support counselling-orient-

Specialized terminology improves treatment-focused retrieval
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Worked Example of Prevention Scenario

Figure 4 shows how a prevention-based question moves through
the framework: “How can a person with newly diagnosed diabetes
reduce the risk of diabetic retinopathy?” The question is allowed be-
cause it asks for general educational information rather than a per-
sonal diagnosis or treatment decision. The system identifies concepts
such as DR, glycaemic control, hypertension, screening, and risk re-
duction. It then uses semantics, keyword, and KG retrieval to locate
relevant evidence. The retrieved material may include passages dis-
cussing glycaemic management, blood pressure control, and timely
retinal screening. These passages are organized into a concise edu-
cational response using the local template or an optional language

USER QUESTION

How can a person with newly diagnosed diabetes

duration of diabetes — risk_factor_for — diabetic retinopathy

Verified in shared knowledge base
(supporting passage DR_003_CH_0017)

reduce the risk of diabetic retinopathy? — Prevalence of diabetic retinopathy among diabetic patients
in Northwest Ethiopia—A cross sectional hospital based study
“The risk of DR to sight can be reduced through good blood centrol,
l controlling of hypertension, effective early screening and
having regular follow-up in a diabetic eye clinic. Diabetic retinopat...”
€@ SAFETY AND SCOPE CHECK
) i E ) DR_025_CH_0004 score 0.667
Educational / counselling question — permitted Relationship between circulating metabolites and diabetic retinopathy:
(not personal diagnosis or treatment selection) a two-sample Mendelian randomization analysis
“... meeting the demands of eye screening and eye health services
‘ for diabetic patients remains a challenging task; therefore ...
e RETRIEVED AND EXPANDED *
CLINICAL CONCEPTS evidence
assembly e GROUNDED EDUCATIONAL ANSWER (template-first)
diabetic retinopathy « diabetes » glycaemic control » blood pressure
lipids « screening = risk factors » early detection « follow-up Template-mode educational summary based on retrieved evidence:
nonproliferative diabetic retinopathy » diabetic macular edema Risk of sight loss from diabetic retinopathy can be reduced through
good glycaemic control, controlling hypertension, effective earty
screening, and regular follow-up in a diabetic eye clinic.
* Knowledge-graph support: duration of diabetes is a risk factor
for diabetic retinopathy.
@) RETRIEVED KNOWLEDGE-GRAPH LINK
= v

model. The question passes through safety screening before relevant
concepts, graph links, and literature passages are retrieved and pre-
sented with source information and an education-only boundary. The
resulting answer should explain that DR risk is generally addressed
through good diabetes management, attention to modifiable risk fac-
tors, and timely retinal screening. It should also be made clear that
individual screening schedules and treatment decisions require pro-
fessional assessment. The example shows the contribution of each
part of the system. Safety screening determines whether the question
is appropriate, structured concepts guide retrieval, semantic and key-
word methods locate supporting passages, and the answer layer pres-
ents rather than independently invents the information.

e RETRIEVED LITERATURE PASSAGES (hybrid RAG)

DR_077_CH_0005 score 0.681

RESPONSIBLE BOUNDARY

General education only - Nol personal diagnosis of treatment
Sources retained « Disclaimer appended

Seek assessment from a qualified eye-care professional

Authenticated run on the shared main knowledge base (template mode, USE_LLM =False).
A reference-list passage that appeared among initial results was excluded; only top relevant, content-bearing passages are shown,

|

Figure 4: Journey Map from a prevention question to a grounded educational response.

Interpretation and Boundaries

The two adaptations show that a lightweight knowledge support
framework can serve different parts of the same chronic care pathway.
The treatment version required more detailed therapeutic terminol-
ogy, while the prevention version relied more heavily on broad risk
factors, screening, and counselling concepts. These differences were

addressed through knowledge adaptation rather than separate model
training programmes. The scenarios also show that structured ter-
minology remains useful even when semantic embeddings are avail-
able. Embeddings help retrieve conceptually similar passages, while
explicit entities and relationships improve transparency and support
focused specialization. The work further shows that important devel-
opment activities, literature review, terminology expansion, question
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design, query inspection, and retrieval assessment can be performed
without large-scale computing infrastructure. This creates a practical
capacity building opportunity for universities and research groups
working under resource limitations. The findings should neverthe-
less be interpreted as evidence of implementation feasibility rather
than clinical effectiveness. The adaptations have not been shown to
improve adherence, treatment decisions, visual outcomes, or patient
care.

They also differ in corpus size, terminology coverage, and im-
plementation maturity, so direct performance comparisons would
require a shared evaluation protocol. Exploratory comparisons with
external language models should be interpreted with the same cau-
tion. A reliable comparison would require identical questions and ev-
idence conditions, independent reviewers, and predefined criteria for
relevance, grounding, clarity, completeness, and safety. Within these
boundaries, the two adaptations support the Paper’s main claim: one
frugal and responsible framework can address distinct diabetic-reti-
nopathy knowledge needs by changing its evidence and terminology
layers rather than making large-scale model training the default solu-
tion.

Discussion and Conclusions

This PoC shows how DR literature can be transformed into a light-
weight and inspectable knowledge support system without placing a
large generative model at the centre of the architecture. The frame-
work begins with curated evidence, passage level retrieval, structured
clinical concepts, and safety screening. Language generation is intro-
duced only after relevant evidence has been retrieved and can be re-
placed by a local template when external services are unavailable. The
main contribution is therefore not the size of the databases, but the
way the system is organized. One shared architecture supported both
prevention counselling and treatment evidence access through con-
trolled changes to the corpus, terminology, graph relationships, and
question sets. This provides a practical example of how domain spe-
cialization can be achieved through better knowledge representation
rather than repeated large-model training.

Revisiting The Poc

The shared framework converted selected DR publications into
searchable passages, semantic embeddings, clinical entities, and KG
relationships stored in a local SQLite database. The same process-
ing and retrieval workflow was then reused for the prevention and
treatment adaptations. Three main conclusions can be drawn within
the limits of the current evidence. First, a medical knowledge sup-
port system can be built using curated literature, compact semantic
retrieval, structured terminology, and local storage without training
a large generative model. Second, one technical framework can sup-
port different educational needs within the same chronic care path-
way. As shown in Figure 3 and Table 4, the prevention and treatment
adaptations remained part of one architecture rather than becoming

separate systems. Third, grounding, transparency, and scope control
can be integrated before answer generation. This is more responsible
than relying only on a final disclaimer or the apparent confidence of
generated text. The database counts in Table 2 show implementation
feasibility, but they should not be interpreted as measures of clinical
quality. More papers, entities, or relationships do not necessarily lead
to better answers. Performance also depends on corpus relevance,
text extraction quality, passage boundaries, terminology coverage, re-
trieval ranking, and the accuracy of the supporting evidence.

Frugality, Responsibility, and Knowledge Adaptation

Frugality in this framework is a system-level property rather
than a claim based on one compact model. It results from combin-
ing MiniLM embeddings, local SQLite storage, reusable processing
scripts, and template-first answer construction. The compact seman-
tic model is used only for retrieval. It does not diagnose disease, se-
lect treatments, or generate independent clinical recommendations.
Passage embeddings are created during database construction and
reused at query time, reducing repeated computation. The databases
are also small enough to store, transfer, and inspect ordinary comput-
ing systems without a dedicated server. Template-based answering
further reduces dependence on commercial language-model services.
Evidence can be retrieved and presented locally, while an external
model remains an optional wording layer. This separation reduces re-
liance on continuous connectivity, API funding, and a specific model
provider. However, frugality has not yet been fully quantified. The ar-
chitecture and database sizes show that the system is practically light-
weight, but formal measurements of runtime, memory use, response
latency, energy consumption, and cost per query are still needed. The
framework should therefore be described as architecturally frugal
rather than as the result of a complete efficiency benchmark. Respon-
sibility is supported through four main features:

. Bounded literature collection

. Traceable passage retrieval

. Inspectable terminology and graph relationships
. Safety checks applied before ordinary answering.

These mechanisms do not guarantee that every response will be
correct, but they make system behaviour easier to examine. When
retrieval is weak, the problem can be traced to the corpus, PDF ex-
traction, missing terminology, graph rules, or ranking logic. The safety
layer distinguishes educational questions from requests for personal
diagnosis, treatment selection, medication changes, or unsupported
predictions. This boundary is more meaningful than adding a dis-
claimer after an unsafe answer has already been produced. The cur-
rent controls are nevertheless pattern based. They may miss indirect
or unusual wording and may also refuse some valid educational ques-
tions. Urgent symptoms such as sudden vision loss require a stronger
pathway that directs users toward immediate professional care rath-
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er than returning a detailed literature summary. Future safety evalua-
tion should therefore measure both missed unsafe requests and false
refusals. The treatment adaptation also shows why knowledge level
refinement matters. Early retrieval was limited because the shared
dictionary did not fully represent drugs, procedures, biomarkers, and
treatment outcomes.

Expanding the terminology from approximately 84 to 190 terms
improved treatment-focused coverage without changing the em-
bedding model or rebuilding the overall architecture. This indicates
that weak retrieval does not always require a larger model. It may
result from missing terminology, incomplete relation types, or an ev-
idence collection that is too broad for the intended task. Improving
the knowledge layer can therefore be more transparent and easier
to maintain than increasing model scale or using increasingly com-
plex prompts. The prevention adaptation required less terminology
expansion because many risk factor and screening concepts were
already present in the shared vocabulary. Its specialization occurred
mainly through a focused corpus and counselling-oriented questions.
The two scenarios show that adaptation can occur through corpus se-
lection, controlled terminology, entity categories, relationship rules,
and question design. Semantic embedding and structured knowledge
therefore serve complementary roles. Embeddings help retrieve con-
ceptually related passages, while explicit entities and relationships
improve transparency and support targeted specialization.

DR is also a suitable chronic care use case because it connects
long-term diabetes management with risk reduction, screening, dis-
ease progression, and treatment. The framework can help users un-
derstand these links, but it does not directly manage patients. It does
not monitor health data, assess retinal images, prescribe medication,
schedule screening, or change treatment plans. Its role is limited to
the knowledge and education layer of chronic-disease management.

Global South Relevance and Capacity Building

The framework responds to conditions that are common in re-
source-constrained health and educational environments, including
limited computing capacity, variable connectivity, restricted access to
specialists, and limited funding for commercial artificial intelligence
platforms. Its use of open tools, local storage, compact retrieval, re-
usable scripts, and optional cloud generation may make it easier for
universities and smaller institutions to build and maintain their own

evidence resources. Once a database has been prepared, retrieval
and template-based answering can operate locally. Institutions can
also review the included publications, add local guidance, and decide
whether to send any information to an external service. The modular
development process also supported capacity building. The research-
ers can contribute to literature review, terminology development,
database construction, question design, retrieval inspection, and an-
swer comparison without needing to train a large neural model.

This offers a more meaningful introduction to responsible artifi-
cial intelligence than using commercial chatbots alone because partic-
ipants can see how evidence quality, terminology, retrieval, and safety
affect the final response. The work should nevertheless be described
as GS-based, not as a validated GS deployment. It was not evaluated
across countries, clinics, languages, or health systems. Its mainly En-
glish language and open-access corpus may also underrepresent re-
gional evidence. Future versions should therefore include local guide-
lines, regional studies, and multilingual educational resources.

Limitations and Future Priorities

The PoC remains preliminary. Table 5 summarizes its main lim-
itations and corresponding priorities. The highest priority should be
a shared evaluation protocol. Independent reviewers should score
general, prevention, and treatment questions for relevance, evidence
grounding, clarity, completeness, source support, and appropriate
scope. Inter-rater agreement should also be reported. A separate
safety set should test personal diagnosis, treatment selection, med-
ication changes, urgent symptoms, unsupported predictions, and
indirect wording. Both correct refusals and false refusals should be
measured. Evidence traceability should also be strengthened. Each
response should include stable passage identifiers and clear source
information. A locally deployable generative small language model
could further reduce dependence on external services, but it should
be evaluated only as a wording layer after retrieval, not as an unre-
stricted medical assistant. Other priorities include multilingual de-
velopment, locally relevant guidelines, expert-reviewed graph rela-
tionships, lightweight user interfaces, and formal version control for
the corpus, dictionaries, and database builds. Only after these steps
should the framework progress to supervised usability testing with
health professionals, educators, or students. Any patient-facing use
would require additional ethical review, governance, privacy assess-
ment, and safety validation.
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Table 5: Main limitations and future development priorities.

Current limitation

Implication

Priority improvement

Open-access and journal-based
selection

Relevant studies, guidelines, and regional
evidence may be omitted

Broaden evidence quality criteria and add authoritative
guidance

Mainly English-language corpus

Limits accessibility and local relevance

Add Arabic and other locally relevant languages

PDF extraction noise

May weaken passages and retrieval

Improve document validation, cleaning, and table handling

Dictionary-based entity extraction

May miss synonyms, abbreviations, and new
terms

Expand expert reviewed terminology and assess clinical
named entity recognition

Co-occurrence and rule-based graph
links

Relationships do not establish causality or
effectiveness

Introduce clearer, expert validated relation types

Limited shared evaluation

Answer quality and retrieval reliability
remain uncertain

Create an expert scored benchmark covering general, pre-
vention, and treatment questions

Pattern-based safety controls

Unsafe wording may be missed, while valid
questions may be refused

Test diverse safety prompts and strengthen urgent care
routing

Optional cloud generation

Introduces privacy, cost, connectivity, and
reproducibility concerns

Evaluate a locally deployable generative small language
model

Incomplete efficiency measurements

Frugality remains partly qualitative

Measure runtime, memory use, latency, energy, and cost

No clinical deployment

No evidence of improved knowledge, be-

Conduct supervised usability studies after technical valida-

haviour, or outcomes

tion

No formal updating process

The evidence base may become outdated

Add corpus versioning, update logs, and scheduled evidence
reviews

Concluding Remarks

This Paper presented a frugal, responsible framework for con-
verting diabetic-retinopathy literature into an accessible, inspect-
able knowledge-support system. The framework combines curated
evidence, passage-level retrieval, a lightweight knowledge graph,
compact semantic embeddings, local SQLite storage, safety screening,
and template-first answer construction. An external language model
may improve wording, but it is not required for retrieval, evidence
organization, or source presentation. The prevention and treatment
adaptations show that one architecture can support different chron-
ic-care knowledge needs through controlled changes to evidence
and terminology. This provides a practical model of specialization in
which corpus quality and domain knowledge are strengthened before
additional model complexity is introduced. The framework is intend-
ed for education and literature navigation, not personal diagnosis,
treatment selection, or clinical decision-making. It should therefore
be understood as an implementation proof of concept rather than a
deployable medical product.

Its main contribution is not an attempt to replace healthcare pro-
fessionals or compete with the largest language models. Instead, it
shows that chronic-disease knowledge support can begin with curat-
ed evidence, transparent structures, modest infrastructure, and clear
safety boundaries. Although stronger evaluation and real-world test-
ing remain necessary, this approach provides a realistic foundation
for locally adaptable and responsible health artificial intelligence in
resource-constrained settings.
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