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Abstract

Type 2 diabetes mellitus is a highly prevalent, heterogeneous, and progressive chronic disease. In a
large proportion of patients, management is based for many years on lifestyle intervention and non-
insulin glucose-lowering therapies. This long pre-insulin phase represents a crucial clinical window,
in which timely recognition of metabolic deterioration, therapeutic inertia, treatment response, and
individual risk trajectories may substantially influence long-term outcomes. However, routine care
is still frequently based on intermittent assessments, delayed treatment adaptation, and limited
integration of clinical, biochemical, behavioral, and digital data. Artificial intelligence may offer a
clinically relevant opportunity to move from reactive management to anticipatory care in non-
insulin-treated type 2 diabetes. Rather than replacing clinical judgment or automating treatment
decisions, artificial intelligence can support clinicians by identifying hidden patterns, predicting
metabolic worsening, stratifying risk, improving the interpretation of glucose data, and personalizing
follow-up intensity and therapeutic timing. In this setting, its most meaningful role may be to reduce
the silent interval between early deterioration and clinical action. This structured narrative review
discusses the rationale, current applications, near-future scenarios, and implementation barriers of
artificial intelligence in non-insulin-treated type 2 diabetes. Particular attention is given to advanced
interpretation of glycemic data, clinical decision support, prediction of treatment failure, remote
monitoring, and the potential integration of multidimensional data into more precise and timely care
pathways. The review also emphasizes the need for explainable, clinically validated, equitable, and
ethically governed artificial intelligence tools that can be realistically embedded into everyday
diabetology practice.

Keywords: type 2 diabetes; artificial intelligence; non-insulin therapy; therapeutic inertia;
anticipatory care; clinical decision support; digital health; personalized medicine; glucose
monitoring; metabolic deterioration

1. Introduction

Type 2 diabetes mellitus (T2D) is not a static condition, but a progressive and heterogeneous
disease in which metabolic control, cardiovascular risk, renal function, body weight, liver
involvement, adherence, and therapeutic response may evolve along markedly different trajectories
[1-6]. For many patients, the largest part of the disease course occurs before insulin initiation, during
a phase managed with lifestyle intervention and non-insulin glucose-lowering agents [4,5]. This
period is clinically decisive: therapeutic intensification may be delayed, deterioration may remain
partially hidden, and opportunities for earlier prevention may be missed [7,8].

Despite major advances in pharmacological treatment, everyday management of non-insulin-
treated T2D remains frequently episodic. Decisions are commonly based on periodic visits, isolated
laboratory values, and retrospective interpretation of glycated hemoglobin. Although HbAlc
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remains a central marker of medium-term glycemic exposure, it cannot fully capture short-term
fluctuations, post-prandial excursions, glycemic variability, treatment adherence, behavioral
patterns, or the dynamic interaction between metabolic control and cardiometabolic risk [2-5,9,10].
As a result, the clinician may recognize therapeutic failure only after it has become established.

This limitation is particularly relevant in a context increasingly characterized by data abundance
but interpretative fragmentation. Patients may generate information through self-monitoring of
blood glucose, intermittent or professional continuous glucose monitoring (CGM), body weight
tracking, physical activity records, digital platforms, laboratory tests, prescription histories, and
clinical notes [3,9-13]. However, these data often remain disconnected, underused, or interpreted
only at widely spaced time points. The gap between available information and actionable clinical
insight contributes to therapeutic inertia and to a model of care that is still predominantly reactive
[7,8,14-16].

Artificial intelligence (AI) has the potential to address this gap. In non-insulin-treated T2D, its
most promising function is not to replace the diabetologist or to automate therapeutic decisions, but
to enhance the clinician’s ability to recognize clinically meaningful patterns before deterioration
becomes evident [14-16]. By integrating multidimensional data, Al may help identify patients at
higher risk of metabolic worsening, detect early signals of secondary treatment failure, suggest more
appropriate timing of follow-up, and support more individualized therapeutic strategies [16-21].

The conceptual shift proposed in this review is therefore from reactive management to
anticipatory care. Reactive management corrects after deterioration has already occurred.
Anticipatory care aims to recognize trajectories, identify risk earlier, and intervene with greater
precision before the clinical window narrows. This distinction is especially important in non-insulin-
treated T2D, where treatment decisions are rarely urgent in the immediate sense, but often decisive
over the medium and long term.

2. Methods: Literature Search Strategy and Article Selection

This article was designed as a structured narrative review focused on clinically plausible
applications of Al in non-insulin-treated T2D. A pragmatic literature search was conducted using
PubMed/MEDLINE, Scopus, and Google Scholar, combining terms related to the disease area and
digital methodology, including: “type 2 diabetes”, “non-insulin-treated”, “artificial intelligence”,
“machine learning”, “clinical decision support”, “therapeutic inertia”, “continuous glucose
monitoring”, “digital health”, “remote monitoring”, “prediction”, “precision medicine”,
“explainability”, and “Al governance”.

Priority was given to international guidelines, consensus statements, systematic or narrative
reviews, clinically relevant observational studies, randomized trials, and methodological papers
addressing Al implementation in health care. Articles primarily focused on type 1 diabetes,
automated insulin delivery, closed-loop algorithms, or insulin dose automation were considered only
when they provided relevant conceptual background. The objective was not to provide a systematic
evidence synthesis, but to build a clinically oriented framework for the use of Al in the large and still
underexplored population of patients with T2D not treated with insulin.

3. Why Non-Insulin-Treated Type 2 Diabetes Is a Key Scenario for Artificial
Intelligence

The application of Al to diabetes has historically been dominated by insulin-treated disease,
particularly type 1 diabetes, where automated insulin delivery, closed-loop systems, sensor-
augmented pumps, and algorithm-driven dose modulation represent visible examples of digital
innovation [3,14,16]. This focus is clinically understandable because insulin therapy requires frequent
short-term decisions and carries an immediate risk of hypoglycemia. However, it has also contributed
to an underestimation of the potential role of Al in the much larger population of patients with T2D
who are not treated with insulin [1,16].
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Non-insulin-treated T2D represents a different but equally important challenge. In this setting,
the main problem is usually not minute-by-minute dose adjustment, but timely recognition of
progressive loss of control, insufficient response to therapy, increasing cardiometabolic risk, and the
need for treatment intensification [4-8]. These processes are gradual, multifactorial, and difficult to
capture through isolated clinical encounters. Al may therefore be particularly useful not as an
automation engine, but as a longitudinal interpretative tool [14-17].

Several features make this population especially suitable for Al applications. First, non-insulin-
treated T2D is highly heterogeneous. Patients differ widely in age, disease duration, obesity
phenotype, insulin resistance, beta-cell reserve, renal function, liver involvement, cardiovascular risk,
socioeconomic context, adherence, and therapeutic exposure [5,6]. Second, treatment pathways are
increasingly complex, with multiple drug classes that differ not only in glucose-lowering efficacy but
also in effects on body weight, cardiovascular outcomes, renal protection, tolerability, persistence,
and patient preferences [4,5]. Third, the timing of intensification is often uncertain, and delayed
treatment adaptation remains one of the most persistent problems in routine care [7,8].

The potential value of Al lies precisely in the fact that the clinical problem is not fully solved by
existing care models. Non-insulin-treated T2D is common, longitudinal, data-rich, and exposed to
inertia. It is therefore an ideal setting for tools designed to improve timing, prioritization, and
personalization of care.

4. From Reactive Management to Anticipatory Care

Reactive management remains deeply embedded in routine T2D care. In this model, patients are
reassessed at predefined intervals, therapeutic decisions are made after laboratory deterioration is
documented, and treatment intensification often occurs only when glycemic failure has become
evident [7,8]. This approach is clinically familiar and operationally simple, but it may be poorly
aligned with the progressive and dynamic nature of T2D.

In non-insulin-treated disease, deterioration often develops silently. A patient may remain
apparently acceptable for months while fasting glucose rises, post-prandial excursions increase,
weight changes, adherence weakens, or renal and cardiometabolic risk profiles worsen [5,6,9,10]. By
the time HbAlc clearly exceeds target, the underlying trajectory may already have shifted. The
consequence is not only delayed glycemic correction, but also a missed opportunity to protect the
broader metabolic and vascular future of the patient.

Anticipatory care proposes a different logic. Rather than waiting for failure to become visible, it
aims to identify early signals of unfavorable trajectory and to adapt care before the patient crosses a
clinically meaningful threshold. This does not mean overtreatment or indiscriminate intensification.
It means using available data more intelligently to distinguish stable patients from those who are
beginning to drift, and to match the timing of intervention to the individual trajectory [14-21].

Al may support this transition by improving the continuity of interpretation. Traditional care
often collects data in fragments; Al can help connect them over time. It may identify recurrent
glycemic patterns, detect deviations from previous stability, combine biochemical and behavioral
markers, and generate risk estimates that are updated as new information becomes available [14-19].
In this framework, the clinical question shifts from “What is the patient’s current HbA1c?” to “Where
is this patient going, and how soon do we need to act?”

This conceptual transition is summarized in Figure 1.
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ANTICIPATORY CARE FRAMEWORK FOR NON-INSULIN-TREATED T2D

REACTIVECARE —> AI-SUPPORTED INTERPRETATION —> ANTICIPATORY CARE
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Figure 1. Anticipatory care framework for non-insulin-treated type 2 diabetes. The framework illustrates the
transition from reactive management to anticipatory care in non-insulin-treated T2D. Traditional reactive care
relies on intermittent assessment, fragmented data interpretation, and treatment adaptation after deterioration
becomes evident. In contrast, Al-supported anticipatory care integrates biochemical, clinical, glycemic,
behavioral, and systems-level data into dynamic risk trajectories. Al-based interpretation may support earlier
follow-up, targeted education, timely treatment intensification, and reduction of therapeutic inertia. The
continuous feedback loop emphasizes that each clinical action generates new longitudinal data streams that

refine future trajectory predictions and support personalization of care over time.

5. Current Applications of Artificial Intelligence in Non-Insulin-Treated Type 2
Diabetes

Glycemic assessment in non-insulin-treated T2D is still largely centered on HbAlc, which
remains an essential marker for evaluating medium-term glycemic exposure and guiding therapeutic
targets [2,4,5]. However, HbAlc provides an averaged estimate and does not fully reflect short-term
glycemic dynamics, post-prandial excursions, intra-day variability, nocturnal patterns, or the
temporal relationship between glucose profiles, meals, physical activity, adherence, and
pharmacological exposure [9,10].

Al may help overcome part of this limitation by improving the interpretation of glucose data
generated through SMBG, intermittent CGM, professional CGM, or connected digital devices [3,9-
13]. Its value does not lie simply in collecting more data, but in transforming fragmented
measurements into clinically interpretable patterns [14-17]. Algorithms may identify recurring post-
prandial peaks, early morning dysglycemia, excessive variability, progressive upward drift, or
discordance between HbAlc and daily glucose profiles [10,14,17].

A second current application concerns therapeutic personalization and treatment intensification.
Modern treatment of T2D increasingly requires decisions that go beyond glucose lowering alone,
including body weight, cardiovascular risk, kidney function, liver disease, tolerability, adherence,
patient preferences, drug availability, and cost [4-6]. Al may support this process by integrating
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multidimensional data and identifying patient profiles associated with different risks, treatment
responses, or probabilities of therapeutic failure [6,14-21].

A practical example is the patient with progressive HbAlc worsening on metformin, increasing
body weight, early albuminuria, and declining eGFR. In such a case, an Al-based decision-support
system could help identify a trajectory compatible with secondary treatment failure and highlight the
potential relevance of earlier intensification with agents providing cardiometabolic and renal
protection, such as SGLT2 inhibitors or GLP-1 receptor agonist/GIP-based therapies. Importantly,
such a system should not select treatment autonomously, but should support the clinician in
recognizing the therapeutic window before stable organ damage or prolonged metabolic
deterioration occurs [4-6,20,21].

A particularly important application is the reduction of therapeutic inertia. In routine care,
intensification is often delayed even when glycemic targets are not met [7,8]. Al may help make risk
more visible by identifying patients whose data suggest progressive deterioration or insufficient
response before failure becomes obvious [18-21]. The clinical usefulness of these tools will depend
on their ability to provide interpretable and actionable information rather than opaque risk scores
[22-26].

Remote monitoring and digital follow-up represent a third domain. Patients may generate data
on glucose, weight, blood pressure, physical activity, sleep, medication use, and self-reported
symptoms [3,11-16]. Without intelligent filtering, these data may create overload and alert fatigue
[22-25]. Al can potentially prioritize information, detect deviations from previous stability, and
stratify patients according to the need for earlier review [14-17].

Finally, prediction of metabolic deterioration is the conceptual core of anticipatory care.
Potential predictive targets include worsening HbAlc, loss of glycemic control, need for treatment
intensification, weight gain, declining adherence, reduced persistence, progression of kidney disease,
increasing cardiovascular risk, and transition toward more complex therapeutic regimens [17-21].
The predictive value of Al may be particularly strong when multiple weak signals are combined over
time.

6. Near-Future Applications and Plausible Clinical Scenarios

The near future of Al in non-insulin-treated T2D will probably not be defined by fully
autonomous therapeutic systems. More realistically, its clinical impact will depend on tools capable
of improving the precision, timing, and continuity of routine decision-making [14-16,22-25]. In this
setting, the most credible applications are those that can be embedded into existing care pathways,
reduce information fragmentation, and support clinicians in identifying when and how to intervene.

A major limitation of current diabetes care is that relevant information is dispersed across
electronic health records, laboratory databases, glucose meters, CGM platforms, prescription records,
body weight measurements, blood pressure values, wearable devices, and patient-reported
outcomes. Al could help integrate these heterogeneous data streams into a coherent representation
of the patient’s trajectory [14-16]. Instead of presenting separate fragments, future systems may
summarize longitudinal patterns, detect discordant trends, and highlight clinically meaningful
changes.

One plausible near-future application is personalization of follow-up timing. Current schedules
are often based on fixed intervals, local organization, or clinician availability. Al could support a more
dynamic model by estimating the probability of near-term deterioration and suggesting follow-up
intensity accordingly [17-21]. Patients with stable multidimensional profiles could continue routine
monitoring, whereas patients showing early unfavorable trends could be prioritized for earlier
review, laboratory reassessment, educational reinforcement, or therapeutic reconsideration.

Future systems may also expand risk stratification beyond glycemia alone. T2D is a
cardiometabolic disease, and the patient’s future trajectory is shaped by the interaction among
glycemia, body weight, blood pressure, lipids, kidney function, liver involvement, frailty, adherence,
and social determinants of health [5,6]. Al may enable more granular stratification by combining
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metabolic, renal, hepatic, cardiovascular, and behavioral variables. However, this broader
stratification increases the need for transparency and clinical plausibility [22-26].

Generative and conversational Al tools may support patient education, structured
communication, administrative work, visit preparation, and preliminary triage [22-26,29]. In non-
insulin-treated T2D, their most realistic near-term role is not autonomous counselling or treatment
modification, but clinician-governed support: summarizing clinical histories, identifying missing
information before the visit, drafting patient-friendly explanations of agreed therapeutic plans,
reinforcing adherence messages, and collecting patient-reported information.

These applications require particular caution. Large language models may generate plausible
but incorrect information, omit clinically relevant nuance, or produce recommendations that are not
aligned with guidelines, local regulatory constraints, or the individual patient’s comorbidity profile
[22-26,29,30]. This risk is especially important when outputs concern medication changes, risk
communication, or interpretation of symptoms. For this reason, generative Al should remain
supervised, auditable, and clearly separated from autonomous therapeutic decision-making.

A clinically acceptable use of generative Al should therefore be bounded by predefined tasks,
validated content sources, escalation rules, and human review. In this framework, conversational
systems may improve continuity and health literacy without transferring medical responsibility
away from the diabetologist. Current and near-future applications are summarized in Table 1.

Table 1. Current and near-future applications of Al in non-insulin-treated T2D. The table summarizes major

clinical areas, data sources, Al functions, potential benefits, and implementation risks.

Clinical area

Data sources

Al function

Potential clinical benefit

Main limitations /

implementation risks

Glycemic interpretation

HbAlc, SMBG, CGM,

meal/activity records

Pattern recognition,
variability analysis,

discordance detection

Better identification of
hidden instability and early

drift

Poor data quality, missing values,
uncertain thresholds, limited access

to CGM, digital visibility bias

Therapeutic

personalization

Clinical history, labs,
medications, comorbidities,

adherence

Risk phenotyping, response

prediction, scenario support

Earlier and more

individualized

intensification

Confounding by indication, limited
external validation, black-box
outputs requiring XAl approaches
such as SHAP/LIME for clinical trust,

unclear action thresholds

Remote follow-up

Glucose, weight, BP,
activity, symptoms,

prescription data

Trend detection, alert
prioritization, adaptive

monitoring

Earlier contact for patients

who are deteriorating

Alert fatigue, workflow burden,
unclear responsibility, lack of
interoperability, unequal digital

access

Progression prediction

Longitudinal clinical,
biochemical, renal and

behavioral data

Dynamic risk models

Prediction of loss of
control, treatment failure,

and complications

Bias, MNAR data, digital visibility
bias, model drift, poor
transportability, uncertain clinical

actionability

Generative Al support

Clinical notes, education
material, patient-reported

information

Summarization,
communication support,

visit preparation

Reduced administrative
burden and improved

education

Hallucinations, plausible but
incorrect outputs, need for human
supervision, medico-legal
uncertainty, risk of unsupervised

therapeutic advice

). Distributed under a Cre

Commons CC BY license.
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7. Limitations, Risks, and Barriers to Implementation

The clinical translation of Al in non-insulin-treated T2D remains limited by scientific, technical,
organizational, ethical, regulatory, and cultural barriers [22-30]. These limitations are not marginal
details: they determine whether an algorithm becomes a useful clinical instrument or another source
of complexity in already overloaded diabetes care pathways.

Al depends on data quality. In T2D, relevant information is often incomplete, inconsistently
coded, or distributed across disconnected systems. Missing data are not random: they often reflect
social vulnerability, limited access to care, reduced engagement, or organizational barriers.
Algorithms trained on selected populations, highly structured datasets, or technologically advanced
settings may not generalize to older adults, patients with multimorbidity, socially disadvantaged
individuals, or routine clinics [22-26].

From a methodological perspective, this problem should be explicitly understood as a missing-
not-at-random (MNAR) issue rather than a simple technical inconvenience. In real-world diabetes
care, missing values may reflect reduced access to care, lower digital literacy, socioeconomic
vulnerability, fragmented follow-up, or lower patient engagement. Standard imputation strategies
may therefore obscure clinically meaningful patterns in vulnerable subgroups and inadvertently
reinforce selection bias. For Al tools intended to support anticipatory care, missingness itself may
need to be treated as an informative signal, not merely as a defect to be statistically corrected [22-26].

Al may also amplify existing inequalities if it is developed and deployed without attention to
equity. Patients who generate more digital data, use connected devices, attend visits regularly, and
have better health literacy may be more visible to algorithmic systems. Conversely, those with limited
digital access, language barriers, lower socioeconomic status, or fragmented care may be
underrepresented in training datasets and less likely to benefit from digital tools [26,29,30].

Explainability is another central requirement. In diabetes care, treatment decisions require
clinical reasoning, patient preferences, safety considerations, and shared responsibility. A black-box
prediction that identifies a patient as high risk without explaining the underlying drivers may be
difficult to trust and difficult to translate into action [22-26]. Clinicians need to understand whether
risk is driven by rising glucose values, weight gain, worsening renal function, reduced adherence,
previous treatment failure, or other factors.

In this context, explainable Al approaches such as LIME (Local Interpretable Model-agnostic
Explanations) and SHAP (SHapley Additive exPlanations) may be useful because they estimate the
relative contribution of individual variables to a model output [31,32]. For example, a predicted high
risk of deterioration may be driven mainly by rising fasting glucose, worsening renal function,
increasing glycemic variability, weight gain, or declining treatment persistence. This level of
transparency may improve clinical trust and facilitate actionable interpretation, provided that
explanations are presented in a format that is understandable within routine clinical workflow.

Even accurate tools may fail if poorly integrated into workflow. Busy diabetes clinics and
primary care settings cannot accommodate additional platforms, excessive alerts, or outputs that
require complex interpretation. Al outputs must be concise, timely, clinically meaningful, and
connected to clear actions. Systems should define who receives the alert, who is responsible for acting
on it, and how the response is documented [24-30].

Finally, Al in diabetes care raises regulatory and medico-legal questions. Predictive models and
decision-support systems may evolve over time, interact with clinical workflows, and influence
treatment decisions. Ethical governance is essential when models process sensitive health data or
generate individualized risk predictions. Reporting standards such as CONSORT-AI and SPIRIT-AI,
together with broader governance frameworks, are relevant to the design, evaluation, and
implementation of these tools [27-30].

Al-based outputs should therefore be regarded as non-binding consultative support rather than
autonomous clinical directives. Even when a decision-support system is technically validated, the
final responsibility for diagnosis, therapeutic intensification, follow-up timing, and risk
communication must remain with the clinician, who is required to interpret the algorithmic output
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in the context of the individual patient. This distinction is particularly important in the case of false
negatives, false positives, or discordant clinical judgment, where algorithmic silence should not be
interpreted as permission for therapeutic inertia [24-30].

Importantly, these barriers should not be considered in isolation. Data fragmentation, limited
interoperability, missing-not-at-random data, unequal digital visibility, algorithmic opacity, and
uncertain responsibility interact with each other and may reduce real-world effectiveness even when
internal predictive performance appears satisfactory [22-30]. Missingness and digital visibility bias
are closely linked: patients who use connected devices, attend visits regularly, and generate
structured data may become disproportionately visible to Al systems, whereas patients with
fragmented follow-up, lower digital literacy, or social vulnerability may be underrepresented or
mischaracterized. Without specific governance, this interaction may create a two-speed model of care,
in which Al improves management mainly for patients who are already better monitored. This is
why clinical validation should assess not only discrimination or calibration, but also actionability,
workflow impact, equity, safety, and the ability to reduce therapeutic inertia in routine care across
different patient groups.

8. Practical Implications for Diabetologists

For diabetologists, the most useful way to interpret Al is not as a competing intelligence, but as
a possible extension of clinical observation. The challenge in non-insulin-treated T2D is not the
absence of therapeutic options, but the difficulty of using the right information at the right time to
protect the patient’s future trajectory [4-8,14-16].

Al may help clinicians identify patients who are drifting before deterioration becomes evident,
prioritize those who need earlier reassessment, and personalize follow-up intensity according to risk.
It may support therapeutic decisions by organizing complex data and highlighting patterns that
would otherwise remain hidden [14-21]. In this sense, its practical value lies in improving timing,
prioritization, and precision.

However, Al should not flatten clinical reasoning into algorithmic obedience. The diabetologist
remains essential for interpreting context, evaluating competing risks, discussing preferences, and
deciding whether a predicted risk requires action. A model may indicate that a patient is at high risk
of worsening control, but the clinician must understand whether this reflects disease progression,
reduced adherence, socioeconomic difficulty, adverse effects, or an inappropriate therapeutic
strategy [22-26].

In practical terms, the most relevant applications for routine diabetology may be simple and
concrete: identifying who should be recalled earlier, who is likely to fail current therapy, who may
benefit from structured education, who requires more intensive monitoring, and who may need
therapeutic intensification before prolonged deterioration occurs. These are not abstract technological
goals; they are everyday clinical problems.

9. Conclusions

Al is unlikely to transform non-insulin-treated T2D by replacing clinical judgment or
automating therapeutic decisions. Its most credible and clinically meaningful contribution is
different: helping clinicians recognize earlier when a patient’s trajectory is becoming unfavorable.

The management of non-insulin-treated T2D remains vulnerable to intermittent assessment,
therapeutic inertia, fragmented data, and delayed recognition of metabolic deterioration. HbAlc,
periodic visits, and conventional follow-up schedules remain essential, but they may not always
capture the dynamic complexity of the disease [2-10]. Al may help bridge this gap by integrating
multidimensional data, detecting hidden patterns, predicting deterioration, and supporting more
individualized follow-up and treatment timing [14-21].

The central promise of Al in this setting is therefore the transition from reactive management to
anticipatory care. This transition does not imply overtreatment, technological autonomy, or
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replacement of the diabetologist. Rather, it means using data more intelligently to see earlier, decide
more precisely, and intervene before failure becomes established.

To achieve this promise, Al tools must be clinically validated, explainable, equitable,
interoperable, and embedded into realistic care pathways [22-30]. Their success should not be judged
only by predictive accuracy, but by their ability to reduce therapeutic inertia, improve patient
trajectories, support safer decisions, and enhance the quality of clinical reasoning. In non-insulin-
treated T2D, Al should be understood less as a new therapeutic actor and more as a new way of
reading clinical time.
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Abbreviations
Abbreviation Definition
Al Artificial intelligence
CGM Continuous glucose monitoring
DMT2 Diabetes mellitus type 2
eGFR Estimated glomerular filtration rate
GLP-1RA Glucagon-like peptide-1 receptor agonist
LIME Local Interpretable Model-agnostic Explanations
MNAR Missing not at random
SHAP SHapley Additive exPlanations
SGLT2i Sodium-glucose cotransporter-2 inhibitor
SMBG Self-monitoring of blood glucose
12D Type 2 diabetes
UACR Urinary albumin-to-creatinine ratio
XAI Explainable artificial intelligence
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