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Abstract

Diabetes is one of the fastest-growing global health emergencies. The International Diabetes
Federation (IDF) estimates that in 2024 there were 589 million adults aged 20-79 years living with
diabetes worldwide (1 in 9); 43% (252 million) were undiagnosed; diabetes caused 3.4 million deaths;
and global health expenditure reached USD 1.015 trillion, with 81% of adults with diabetes living in
low- and middle-income countries [1]. The downstream burden is driven by preventable
complications: diabetic kidney disease affects roughly 30-40% of people with diabetes; diabetic foot
ulcers occur in an estimated 19-34% over a lifetime; diabetic peripheral neuropathy affects about 30%
of people with diabetes globally; and diabetic retinopathy affects about 22% of adults with diabetes
(with ~6% having vision-threatening disease) [2-5]. Saudi Arabia is a high-burden setting within the
Middle East and North Africa region: IDF 2024 estimates indicate 5.34 million adults (20-79 years)
living with diabetes, an age-standardised prevalence of 23.1% (approximately one in five adults), and
43.6% undiagnosed. This combination of high clinical need and rapidly maturing digital health
infrastructure makes Saudi Arabia an ideal implementation testbed for an Al-first, end-to-end care
model that can be generalised internationally [1]. This Personal View proposes a fully Al-enabled,
clinician-in-the-loop “Al Diabetes Clinic” that synthesises patient-entered data, laboratory and
imaging results, and longitudinal records to support diagnosis of type 2 diabetes, personalised
pharmacotherapy selection and titration, and continuous complication surveillance. The model
combines an Al-assisted pre-visit synthesis, an explainable treatment optimiser aligned with
contemporary guidelines, and automated screening workflows for retinopathy, nephropathy,
neuropathy, and diabetic foot disease, with escalation to clinicians when risk thresholds are crossed.
Because Al-first clinics concentrate clinical, privacy, and cybersecurity risks, deployment must be
coupled to robust governance: model transparency, bias and safety testing, audit trails, and human
oversight; privacy-by-design and consent aligned with local regulations; and cyber-resilience aligned
with national standards. We outline an evaluation strategy spanning usability, clinical effectiveness,
equity, safety, and cost-effectiveness, including continuous post-deployment monitoring to ensure
sustained performance across populations and care settings.

Keywords: artificial intelligence; type 2 diabetes; Al-first clinic; clinical decision support;
personalised medicine; risk stratification; complication surveillance; diabetic retinopathy screening;
diabetic foot disease/ulcer; diabetic kidney disease; diabetic peripheral neuropathy; erectile
dysfunction (sexual health); remote monitoring; interoperability (HL7 FHIR); governance; privacy
and cybersecurity; software as a medical device (5aMD); Saudi Arabia (implementation blueprint)
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Research in Context

Evidence before this study: Al systems have demonstrated strong diagnostic performance for
selected diabetes complications (eg, autonomous diabetic retinopathy detection) and growing
evidence supports Al-enabled diabetic foot assessment using smartphone-based workflows.
However, clinic-wide, end-to-end AI models remain uncommon and often lack explicit
interoperability, governance, and prospective implementation evaluation plans [8,9,18,21].

Added value of this study: We provide a detailed blueprint of a fully Al-first diabetes clinic
tailored to Saudi Arabia’s high-prevalence context and mature national digital health programmes.
We specify minimum data elements, interoperability (FHIR; NPHIES; SeHE), human-in-the-loop
safety controls, and a governance pathway aligned with Saudi privacy, cybersecurity, and device
regulations [1,10-17].

Implications of all the available evidence: If implemented with robust governance and rigorous
prospective evaluation, an Al-first clinic could accelerate earlier diagnosis, increase complication
screening coverage, and reduce complication-related morbidity while standardising evidence-based
care across geography. The Saudi context—high burden and rapidly evolving digital infrastructure—
offers a practical testbed for scalable, exportable models of Al-enabled chronic disease care [1,22,23].

Introduction

Type 2 diabetes is a leading driver of premature mortality and disability worldwide. In 2024, the
IDF estimated 589 million adults aged 20-79 years living with diabetes globally (1 in 9), with 43%
undiagnosed; diabetes caused an estimated 3.4 million deaths and global health expenditure reached
USD 1.015 trillion [1]. The burden is amplified by chronic complications that are often preventable or
detectable earlier: diabetic kidney disease affects roughly 30—40% of people with diabetes; diabetic
foot ulcers occur in an estimated 19-34% over a lifetime; diabetic peripheral neuropathy affects about
30% of people with diabetes globally; and diabetic retinopathy affects about 22% of adults with
diabetes, with about 6% having vision-threatening disease [2-5].

Saudi Arabia exemplifies this challenge and opportunity. IDF 2024 estimates indicate 5.34
million adults (20-79 years) living with diabetes in Saudi Arabia, an age-standardised prevalence of
23.1%, and 43.6% undiagnosed [1]. In parallel, Saudi Arabia is investing in national digital
transformation: the NPHIES health information exchange and payer—provider interoperability
programme, together with unified national identity, e-prescribing, and platform governance, can
enable systematic data capture, longitudinal risk stratification, and coordinated care at scale [16,17].

Yet safe scaling of Alin routine care requires more than point solutions. It requires interoperable
data flows, clinical accountability, privacy and cybersecurity compliance, and prospective evaluation
using Al-specific methodological guidance. We therefore propose a clinic-wide “Al-first” model that
treats Al as infrastructure rather than an add-on [10,11,13-21].

Vision and Objectives

The proposed Al diabetes clinic is designed to: (1) shorten time to diagnosis and risk
stratification; (2) optimise personalised treatment aligned with evidence-based guidelines; (3)
automate high-frequency screening for retinopathy, nephropathy, neuropathy, and diabetic foot
disease; (4) detect deterioration early using continuous data streams; and (5) improve patient
experience and equity while protecting privacy and security [1,6,7,10,11,13,14].

End-to-End Patient Journey

The patient uses a bilingual (Arabic/English) app to create or link a longitudinal profile and
complete structured intake: demographics, symptoms, medications, allergies, lifestyle, family
history, social determinants, and patient goals. Patients can upload external laboratory results and
home-monitoring data when interoperability feeds are unavailable. A structured “concerns” module
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captures fears (eg, blindness, dialysis, amputation) and preferences that shape shared decision-
making [13,14].

Before the clinician encounter, Al services ingest intake data and integrate available EHR, lab,
imaging, and pharmacy data via a FHIR-based interoperability layer. The system generates a pre-
visit summary, problem list, risk stratification, and a draft care plan that the clinician reviews, edits,
and signs (human-in-the-loop) [15-21].

Data Layer and Interoperability

Interoperability is foundational. The blueprint assumes a FHIR-based clinical data model for
problems, medications, laboratory observations, procedures, and imaging metadata. Alignment with
national platforms (NPHIES implementation guides) and health information exchange policies
(SeHE) should be treated as early design constraints rather than late-stage integrations [15-17].

Minimum dataset elements include HbAlc, fasting plasma glucose, lipids, blood pressure,
BMI/waist circumference, eGFR, urine albumin-to-creatinine ratio, liver enzymes, and medication
history, plus complications status and screening results (retina, foot, kidney). The Al layer should
explicitly model data completeness and uncertainty to avoid unsafe recommendations when safety-
critical variables are missing [6,7,18].

Core Al Services

We propose five core Al services: (1) diagnostic confirmation and phenotyping; (2) personalised
treatment selection and titration; (3) complication screening (retina, kidney, neuropathy/foot); (4)
remote monitoring and early warning; and (5) psychosocial and sexual health triage. Each service
operates under clearly defined intended use, performance thresholds, and clinical override rules [6—
9,12,18].

1) Diagnostic Confirmation and Phenotyping

For newly diagnosed or suspected type 2 diabetes, the system validates diagnostic criteria,
checks for red flags (eg, possible type 1 diabetes or ketosis risk), and classifies phenotype features
relevant to therapy choice: obesity, CKD, ASCVD risk, heart failure risk, hypoglycaemia risk, and
frailty. Outputs are evidence-linked and explanation-aware to reduce automation bias [6,18].

2) Guideline-Concordant Treatment Optimisation

The treatment engine is a constrained optimisation system: it proposes therapy options and
titration plans consistent with current standards, patient preferences, comorbidities,
contraindications, and local formulary constraints. Recommendations should be traceable to
guideline logic (eg, prioritising cardiovascular and kidney protection where indicated) and include
monitoring plans and safety checks [6,7,18].

3) Al-Enabled Screening for Complications

Retinopathy: The clinic deploys Al-assisted fundus imaging to triage and refer patients for
ophthalmology review. Autonomous Al models have demonstrated potential to expand screening
capacity when embedded into clinical workflows with clear escalation and quality assurance [8].

Kidney disease: Automated interpretation of eGFR and albuminuria trends supports early
detection of CKD progression, medication safety checks, and risk-based follow-up intervals. The
clinic should follow evidence-based evaluation and management principles and explicitly manage
nephrotoxic exposure and dosing adjustments [7].

Neuropathy and foot disease: Al-enabled foot assessment can combine structured clinical exam
inputs (eg, monofilament, vibration, pulse status) with smartphone imaging and tele-podiatry to
identify ulcers and high-risk feet. Large multicentre studies have reported promising performance
for Al-based ulcer detection using smartphone and cloud workflows [9].
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4) Remote Monitoring and Early Warning

Remote monitoring integrates glucometer/CGM data, blood pressure, weight, activity, and
medication adherence signals. Temporal models flag patterns suggestive of deterioration (eg, rising
glucose variability, recurrent hypoglycaemia, rapid weight loss, declining eGFR), prompting nurse
outreach or clinician review. Alert thresholds must be calibrated to avoid alarm fatigue, and
monitoring performance must be continuously audited [6,18,21].

5) Psychological, Neurological, and Sexual Health Triage

Diabetes care requires systematic detection of depression and anxiety and proactive discussion
of sexual dysfunction and neuropathy symptoms. The clinic integrates validated short instruments
(PHQ-9, GAD-7, IIEF-5) with Al-assisted triage to behavioural health, sexual medicine, or neurology
services, with culturally sensitive workflows and clinician oversight [26-28].

Erectile dysfunction (ED) is frequent in men with diabetes; a large meta-analysis reported a
pooled prevalence of 52.5% and substantially higher odds compared with controls [29]. Because ED
can precede overt cardiovascular events and may identify men with high cardiometabolic risk,
evaluation should incorporate cardiovascular risk assessment and guideline-based triage (including
consideration of occult coronary disease when clinically appropriate) [30]. In the Al diabetes clinic,
ED risk prediction combines longitudinal glycaemic exposure, blood pressure, lipids, obesity,
smoking, medication profiles, and neuropathy markers with brief patient-reported measures to
trigger early counselling, optimisation of cardiometabolic therapy, and timely initiation of first-line
ED treatments or referral to urology/andrology as needed [31,32].

Clinician Cockpit and Human-in-the-Loop Safety

The clinician cockpit consolidates longitudinal trends, complication screening status, Al-
generated summaries with uncertainty estimates, and safety-critical checklists. Al outputs are
advisory and require clinician sign-off with audit trails, unless a module is explicitly
authorised for autonomous use under regulatory clearance [12,18,21].

Data Governance, Privacy, and Cybersecurity

A clinic-wide Al model concentrates risk if governance is weak. Saudi implementation should
adhere to the Personal Data Protection Law implementing regulations, including purpose limitation,
lawful processing, and cross-border transfer controls as applicable [10].

Cybersecurity should meet national baseline expectations (NCA Essential Cybersecurity
Controls) and include Al-specific threat modelling (eg, prompt injection, model inversion, supply-
chain compromise). Security-by-design should include audit logs, role-based access, encryption at
rest and in transit, incident response procedures, and third-party risk management [11,14].

Health information exchange and platform governance should align with national policies
(SeHE) and payer integration standards (NPHIES) where relevant. The clinic should publish data
dictionaries, model cards, and subgroup performance audits to reduce inequitable outcomes
[13,16,17,21].

Regulatory Pathway and Quality Management

Al modules used for diagnosis, screening, or treatment recommendations may be regulated as
medical devices (S5aMD). Each module’s intended use should be mapped to regulatory classification,
and development should follow SFDA guidance for Al/ML-enabled devices, including quality
management, clinical evaluation planning, and post-market surveillance [12].
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Telehealth delivery must comply with national telemedicine policy and legal requirements,
including clinician licensing, consent, documentation, and escalation pathways for urgent care. This
is essential for mixed-mode clinics that blend in-person imaging with remote follow-up [24,25].

Evaluation Strategy

Evaluation should proceed in stages. Early-stage testing should follow structured clinical Al
implementation and safety guidance, focusing on workflow integration, failure modes, and human
factors. Subsequent prospective studies should use pragmatic designs (eg, stepped-wedge or cluster
randomised trials) with pre-specified endpoints and Al-specific reporting standards [18].

Primary outcomes might include change in HbAlc at 6-12 months, time to treatment
intensification, screening completion rates for retina/foot/kidney, rate of severe hypoglycaemia, and
unplanned diabetes-related acute care. Secondary outcomes should include patient-reported
outcomes, equity metrics, and cost-effectiveness [6,7,21].

Model development and validation should be reported with TRIPOD+AI, and clinical trials
should use CONSORT-AI and SPIRIT-AI extensions. Continuous monitoring should include dataset
shift detection, calibration drift, and real-world performance stratified by subgroup [19-21].

Implementation in Saudi Arabia: a pragmatic roadmap

Phase 0 (0-3 months): establish governance (clinical safety board, data governance council), map
regulatory pathways, and define minimum dataset and interoperability interfaces with EHRs and
national platforms [10-12,15-17].

Phase 1 (3-12 months): deploy patient intake and clinician cockpit, integrate treatment
optimisation, and implement Al-enabled pilots for retinopathy and diabetic foot screening in selected
primary care sites linked to specialist hubs (eg, SVH services) [8,9,22,24,25].

Phase 2 (1224 months): scale to regional networks, add remote monitoring and
psychosocial/sexual health triage, and run a pragmatic trial comparing Al-first clinics with usual care,
with continuous post-deployment monitoring and model updating policies [18-21,33].

Scalability and Global Relevance

Although designed for Saudi Arabia, the architecture is intentionally modular and can be
adapted to other settings. Countries with fragmented systems can adopt patient-owned intake and
screening modules first, then progressively integrate payer and health-information exchange
interfaces as infrastructure matures [1,15,18].

Limitations and Open Challenges

Clinic-wide Al risks include automation bias, inequitable performance across subgroups, alert
fatigue, and over-reliance on incomplete data. Saudi-specific challenges include variation in data
availability across regions, Arabic language model performance, and ensuring privacy and
cybersecurity compliance across a multi-vendor ecosystem. These risks mandate staged deployment,
strong human oversight, and transparent reporting of real-world performance [10,11,13,14,18,21].

Conclusion

Saudi Arabia’s high diabetes prevalence and rapidly evolving digital-health infrastructure
create a timely opportunity to pilot an Al-first diabetes clinic that standardises high-quality care,
increases screening coverage, and reduces complications. Success requires governance-by-design,
interoperable data, regulation-aware development, and rigorous prospective evaluation. If achieved,
the model could become a scalable blueprint for Al-enabled chronic disease care globally [1,6,10-
12,15-22].
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Patent notice

Patent owners: Amr Kamel Khalil Ahmed; Sharifa Mohlhal Shani Rodaini.

This concept is registered as a patent and is legally protected. Unauthorised copying,
reproduction, distribution, disclosure, publication, or commercial use is prohibited without the
written permission of the patent owners.
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