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Abstract
Background: Endocrine disease involves non-linear, multi-organ feedback loops and longitudinal data, making
it suitable for ML and DL. This narrative review examines Al across five domains: diabetes risk prediction,
metformin response/gut microbiome, CGM with closed-loop insulin, thyroid nodule ultrasound, and adrenal
lesion imaging.
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Methods: PubMed, Scopus, and Web of Science were searched for studies/reviews published between 2020
ARTICLE HISTORY

and 2026, using "machine learning," "deep learning," "diabetes prediction,” "metformin,” "gut microbiome,"
"continuous glucose monitoring," "closed-loop insulin," "thyroid nodule," and "adrenal incidentaloma." Priority
was given to meta-analyses, randomized controlled trials, and cohorts; single-center case series were included
where evidence was unavailable. As a systematic review, no PRISMA flow diagram or record count is reported.
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Results: Ensemble models (random forest, XGBoost) predicted incident type 2 diabetes with 98-99% accuracy

in a longitudinal cohort; accuracy can be inflated in imbalanced data, so interpret this alongside positive

predictive value, not reported, and external validation remains uncommon. Deep learning models for thyroid

ultrasound reached sensitivities of 87-91% and specificities of 83-95% across meta-analyses covering 146,000

patients. Closed-loop insulin delivery improves time-in-range, while reinforcement-learning dosing remains at

simulation. Gut microbiome pharmacokinetic models achieved AUROC approximately 0.75; adrenal CT

radiomics models reported AUCs above 0.85 in cohorts of 19-40 patients.

Conclusion: Al shows strong, evidence-backed value in endocrine risk prediction and image-based diagnosis,
though diabetes-prediction accuracy warrants cautious interpretation given class imbalance. Evidence for
therapeutic personalization, particularly metformin response, is earlier-stage. Larger prospective trials,
external validation, standardized outcome reporting (including PPV), and improved interpretability are needed

for clinical adoption.

Introduction

Endocrinology governs physiological systems defined by non-linear
interactions, circadian rhythms, and multi-organ feedback mechanisms.
This complexity, combined with the growing digitization of clinical,
laboratory, and imaging data, has made endocrinology one of the more
active specialties for applied Al research over the past decade [1,2].
Ensemble learning methods, convolutional neural networks, and
reinforcement learning have each found distinct footholds: structured
clinical data for diabetes risk prediction, imaging data for thyroid and
adrenal lesion characterization, and time-series glucose data for closed-
loop insulin delivery. Beyond the five domains reviewed in depth here, Al
has also achieved regulatory milestones elsewhere in diabetes care, most
notably the 2018 FDA authorization of an autonomous deep-learning
system for diabetic retinopathy screening in primary care settings, built on
earlier DL models validated against ophthalmologist grading in large
retinal photograph datasets, a landmark that illustrates both the clinical
feasibility and the regulatory pathway available to endocrine-Al tools that
reach comparable evidentiary maturity [3,4]. Independent reproduction
attempts using public data have since underscored the importance of
external validation and code availability for this class of model, a theme
that recurs throughout the domains reviewed below [5].

Most existing reviews of Al in endocrinology address either a single
disease domain (for example, diabetic retinopathy screening or thyroid
nodule classification) or provide a broad survey without distinguishing the
maturity of the evidence behind each claim. The novelty of this review lies
in bringing five distinct endocrine-Al application areas into a single
comparative framework and explicitly grading the strength of evidence
behind each: from randomized-trial-validated closed-loop insulin delivery,

to externally validated thyroid imaging models, to earlier-stage,
mechanistically promising but clinically unproven metformin-microbiome
prediction. This review synthesizes the current, verifiable evidence across
these areas, identifies where the evidence base is strongest and weakest,
and proposes concrete directions for closing the gap between algorithmic
performance and routine clinical use; the specific evidence gaps and
proposed directions are detailed in Section (Discussion).

Methods

This narrative review is based on a structured literature search of PubMed,
Scopus, and Web of Science for English-language studies published
primarily from 2020 through mid-2026. Search terms combined ML, DL
and Al with domain-specific terms: diabetes prediction, metformin, gut
microbiome, CGM, closed-loop insulin, thyroid nodule, and adrenal
incidentaloma. Priority was given to systematic reviews, meta-analyses,
randomized controlled trials, and large prospective cohorts. Smaller single-
center studies were included only for the adrenal-imaging domain, where
no larger evidence base currently exists, and are explicitly flagged
wherever they are discussed. Reported performance metrics, sample sizes,
and confidence intervals are drawn directly from the source publications;
where a source reported a percentage and another reported the equivalent
decimal proportion (for example, sensitivity of 0.87 versus 87%), both are
converted to a consistent percentage format in this review for readability.
Studies based on simulation rather than clinical data are identified
explicitly wherever relevant.

This review follows the SANRA (Scale for the Assessment of Narrative
Review Articles) framework for narrative-review methodology and
reporting [6]. Readers seeking a fully systematic account of any single
domain covered here are directed to the
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domain-specific systematic reviews and meta-analyses cited [7-12].
Results

Diabetes prediction

A 2025 bibliometric and systematic synthesis covering 33 years of
literature (1991-2024) applied PRISMA-guided screening to identify 2,351
relevant records on ML and Al in type 2 diabetes prediction from Web of
Science and Scopus, documenting a marked rise in publication volume and
methodological sophistication since 2015 [13]. At the level of individual
cohort studies, a 10-year longitudinal analysis of 6,687 relatively healthy
adults in Taiwan found that random forest and XGBoost models predicted
incident diabetes with 98-99% accuracy, with free thyroxine (fT4)
emerging as an informative predictor alongside conventional metabolic
variables [14].

This accuracy figure requires careful interpretation. Most participants
in a general, relatively healthy cohort do not go on to develop diabetes
within the follow-up window, so the outcome is imbalanced; a model that
is biased toward predicting the majority (non-diabetic) outcome can
achieve high accuracy without necessarily identifying most true cases well.
Positive predictive value, PPV, the proportion of model-flagged positive
cases that are true positives, is the more clinically informative metric in
this setting and was not reported in the source study [14]. In the absence
of PPV, the headline accuracy figure should be read as an upper-bound
indicator of overall correctness rather than as a direct measure of the
model's ability to identify people who will develop diabetes. These figures
are also notably higher than typical population risk scores; such single-
cohort accuracy figures of this kind often decline when tested on external,
more heterogeneous populations, and prospective external validation
remains uncommon in this literature. Readers evaluating any future
accuracy claim in this space are encouraged to specifically request PPV,
sensitivity, and specificity reported together, rather than accuracy alone,
particularly for imbalanced clinical outcomes [15,16].

Metformin response prediction and gut microbiome risk
signatures: two distinct questions

The literature linking the gut microbiome to metformin and to type 2
diabetes actually addresses two separate, non-interchangeable research
questions, which this review treats separately to avoid conflating them.

The first question is whether gut microbiome composition can predict
how an individual drug, including metformin, will be metabolized or
depleted by intestinal bacteria. A ML study built on 455 curated drug-
microbiota interaction records trained eleven supervised models to predict
whether a given drug would be depleted or altered by gut bacteria; the
best-performing model, a tuned extremely randomized trees classifier,
reached an AUROC of 75.1% (+/-6.8) on a held-out set of 91 drugs [17].
This body of work supports the biological plausibility of microbiome-
informed pharmacotherapy, but direct, adequately powered trials
predicting individual metformin response specifically from baseline
microbiome data remain limited.

The second, distinct question is whether gut microbiome composition
predicts type 2 diabetes risk itself, independent of any drug. An
interpretable ML framework applied to three independent Chinese cohorts
(a discovery cohort and two validation cohorts, totaling 9,111 participants
with 926 T2DM cases) identified a robust gut microbiome risk score
consistently associated with T2DM across all three cohorts [18]. This is a
risk-prediction finding, not a drug-response finding, and should not be
read as evidence for microbiome-guided metformin dosing specifically.
Interest in microbiome-guided pharmacotherapy more broadly stems from
the observation that gut bacterial composition varies widely between
individuals and can alter drug metabolism and tolerability [19]. Taken
together, both strands of evidence are real and separately useful, but
neither, individually or combined, yet constitutes a tool ready for
metformin prescribing decisions; this remains an active area of
investigation.

Continuous glucose monitoring and closed-loop insulin
delivery

The clinical evidence base is strongest here, because it includes
randomized trial data. A two-center, randomized crossover trial in 36
adults with type 1 diabetes compared a model-predictive-control

closed-loop system against sensor-augmented pump therapy over 12-day
outpatient periods. Time in the 3.9-10.0 mmol/L range increased from
61% to 69% (P=0.006), tight-range time (3.9-7.8 mmol/L) rose from 37%
to 45% (P=0.011), and time below 3.9 mmol/L fell from 3.5% to 1.6%
(P=0.0021) [20]. A separate line of research explores deep reinforcement
learning (DRL) for fully autonomous dosing. A 2025 proximal-policy-
optimization (PPO) controller achieved a median time-in-range of 87.45%
in the Simglucose simulation environment, outperforming baseline control
methods in silico [21]. This DRL result is simulation-only; clinical
reinforcement-learning-based systems remain earlier in development than
the model-predictive-control systems already validated in randomized
trials. A neural-network-based closed-loop system tested in a small clinical
cohort achieved 86.1% time-in-range in a supervised hybrid mode and 72-
74% in fully closed-loop, unsupervised conditions, versus 68% with usual
care [22], illustrating the typical performance gap between supervised and
fully autonomous operation.

Thyroid nodule ultrasound

This is the most extensively validated imaging application in endocrine Al
A meta-analysis of 11 studies using CNN-based (VGGNet) models to
classify thyroid nodules on ultrasound reported pooled sensitivity of 87%
(95% CI 83-91%), specificity of 85% (95% CI 79-90%), and an AUC of 93%
(95% CI 90-95%) [7]. A larger 2025 systematic review and meta-analysis
spanning 41 studies separated detection tasks (pooled sensitivity 91%,
specificity 85%, AUC 94%) from segmentation tasks (sensitivity 82%,
specificity 95%, AUC 91%) [8,9]. The most externally robust estimate
comes from a 2025 meta-analysis restricted to studies with independent
external test sets: across 27 studies covering 146,332 patients and more
than 600,000 ultrasound images, pooled sensitivity was 87% (95% CI 84-
89%) and specificity was 83% (95% CI 79-86%), with an AUC of 91.9%
(95% CI 90.0-93.2%) [10]. Performance declines modestly but remains
strong when models are tested on external rather than internal validation
sets, which supports the credibility of this literature. Diagnostic
performance in this domain is reported consistently as sensitivity,
specificity, and AUC across the cited sources, so no unit standardization
was required beyond converting decimal proportions to percentages for
readability. It is worth noting that Al-based classification is being evaluated
against, and sometimes alongside, established structured ultrasound risk-
stratification systems such as ACR TI-RADS and EU-TIRADS, which
themselves show meaningful performance variation across validation
cohorts and are not a fixed gold standard [23-25]; Al models in this space
should therefore be benchmarked against contemporary TI-RADS
performance rather than against an idealized reference standard.

Adrenal incidentaloma and lesion characterization

Evidence in this domain is real but comes largely from smaller, single-
center studies; both findings below are reported here with their sample
sizes made explicit at first mention, given how small these cohorts are
relative to the other domains reviewed. An early radiomics study using CT
texture analysis and unsupervised K-means clustering in a cohort of only
19 patients (9 adenomas, 10 carcinomas) correctly predicted malignancy
in 7 of 8 adrenocortical carcinomas [26]; a finding of this kind from 19
patients is hypothesis-generating rather than confirmatory and requires
replication in larger cohorts before any clinical inference is drawn. A
separate random-forest model built on enhanced CT features in a cohort of
40 patients achieved an AUC of 85% (sensitivity 84.2%, specificity 71.4%)
for adrenal tumor pathology classification [26]; a broader meta-analysis of
adrenal radiomics reported a comparable pooled discriminative
performance across studies of similar scale [27], and a more recent single-
center study similarly combined original radiomics data with a PRISMA-
based systematic review to contextualize CT texture findings in adrenal
lesion characterization [25]. A 2026 narrative review of Al in adrenal
imaging found that segmentation models now approach Dice coefficients of
0.90 and that several lesion-characterization studies report AUCs above
0.90, with multimodal models (imaging plus clinical data) generally
outperforming imaging alone [11]. The same review is explicit that most of
this evidence comes from retrospective, single-center, small or selected
cohorts, which limits how confidently these figures generalize [11,12].

Summary of key quantitative findings
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Table 1. Summary of reported Al performance metrics across the endocrine domains reviewed.

Domain

Key finding

Source

Type 2 diabetes prediction

Diabetes/Al literature volume

Metformin response prediction
(drug-microbiota depletion)

Gut microbiome signatures for
T2DM risk (distinct endpoint)

Thyroid nodule ultrasound

(CNN/VGGNet)

Thyroid nodule DL, external

validation

Closed-loop insulin delivery
(RCT)

Deep reinforcement learning

insulin control

Adrenal lesion classification

Random forest and XGBoost reached 98-99% accuracy predicting incident T2DM over 10 years in
a Taiwanese cohort of 6,687 adults (of whom a minority developed diabetes); free thyroxine
(fT4) emerged as an informative feature. Because diabetes onset was the minority outcome in
this cohort, accuracy alone can overstate performance, and positive predictive value was not
reported (see Section Diabetes prediction).

A 33-year (1991-2024) PRISMA-guided bibliometric synthesis identified 2,351 relevant records
on ML/AI in T2DM prediction across Web of Science and Scopus.

A supervised ML model (tuned extremely randomised trees) trained on 455 drug-microbiota
interaction records predicted susceptibility of drugs, including metformin-relevant compounds,
to gut-microbial depletion with AUROC 75.1% (+/-6.8).

An interpretable ML framework applied to three independent Chinese cohorts (n=9,111)
identified a gut microbiome risk score consistently associated with T2DM, a distinct question
from drug-microbiota depletion above.

Meta-analysis of 11 studies: pooled sensitivity 87% (95% CI 83-91%), specificity 85% (95% CI
79-90%), AUC 93% (95% CI 90-95%).

27 studies, 146,332 patients, over 600,000 images: pooled sensitivity 87% (95% CI 84-89%),
specificity 83% (95% CI 79-86%), AUC 91.9% (95% CI 90.0-93.2%).

Randomized crossover trial (n=36, type 1 diabetes): time-in-range rose from 61% to 69%
(P=0.006) versus sensor-augmented pump therapy; time below 3.9 mmol/L fell from 3.5% to
1.6%.

A PPO-based deep reinforcement learning controller achieved 87.45% median time-in-range in
the Simglucose simulation environment; clinical testing has not yet been reported.

A random-forest model on enhanced CT distinguished adrenal tumor pathology with AUC 85%
(sensitivity 84.2%, specificity 71.4%); note this and the K-means finding below both derive from
very small cohorts (n=40 and n=19 respectively) and require external validation before

Liu et al., [14]

Kiran et al., [13]

Klunemann et al.,,
[17]

Gouetal, [18]

Meta-analysis, [7]

Systematic review,

[10]

Haidar et al,, [20]

Zhao etal,, [21]

Lietal, [26]

generalization.

Comparative performance across domains

Figure 1 summarizes the best available reported sensitivity, specificity, and
discrimination metric (AUC, AUROC, or accuracy, as applicable) across the
five domains reviewed, drawn directly from the source studies cited in
Table 1. These are fundamentally different statistical quantities: AUC and
AUROC describe a model's discrimination across all possible decision
thresholds, whereas accuracy is a single-threshold measure that, as
discussed in diabetes prediction section, can be misleading under class
imbalance. The bars are plotted on a common 0-100% axis purely as a
visual layout convenience to allow domains to be viewed side by side; this
figure is not intended to imply that, for example, an AUC of 93% for thyroid
(each br is on & 0-100% SCai Tor ioua layout ony: sengthy Speci ey AUC, AUROC,

and accuracy are distinct, non-interchangeable metrics and are not statistically comparable
‘across domains — see metric label above each green bar and *note on accuracy in text)

- Sensitivity (%)
= Specificity (%)

98.5 Discrimination metric
= (AUC / AUROC / Accuracy)

Reported value (%)

Adrer
classificati

Diabetes prediction
(RF/XGBoost, 10.yr cohort,
n=6.687)

5
Figure 1. Reported diagnostic and predictive performance of Al models
across endocrine domains. Bars share a common percentage axis for layout

only; metric types differ by domain and are not directly comparable (see
Section Comparative performance across domains).

nodule classification is quantitatively equivalent to or better than an
accuracy of 98.5% for diabetes prediction. Each bar is labeled with its
specific metric type, and the diabetes-prediction accuracy figure in
particular should be read together with the PPV caveat in Section Diabetes
prediction. With that caveat, thyroid nodule classification shows the
strongest and most consistent evidence across independent meta-analyses;
metformin-microbiome prediction shows the most modest and earliest-
stage performance.

Figure 2 presents a conceptual framework situating these applications
along the endocrine care pathway, from risk prediction through diagnosis,
therapeutic optimization, and monitoring, alongside the cross-cutting
barriers discussed in the conclusion.

3. Therapeutic
Optimization

4. Monitoring &
Delivery

1. Risk Prediction

2. Diagnosis

—»  Thyroid nod: ound  —p

Adrenal CT radiomics
(CNN, deep leaming)

sed-oop
ery

Cross-cutting barriers to clinical translation

Data diversity and extemal validation | Model interpretability | EHR / workflow integration

Figure 2. Al applications across the endocrine care continuum, with cross-
cutting barriers to clinical translation.
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The strongest, most reproducible evidence for Al in endocrinology
concerns image-based diagnosis, particularly thyroid nodule classification,
where large multi-study meta-analyses with external validation converge
on sensitivity and specificity figures in the mid-to-high 80s and AUCs above
90% [7,10]. Diabetes risk prediction from structured clinical and
laboratory data is also well studied, though the highest accuracy figures
tend to come from single-cohort studies not yet externally validated at
scale, and, as discussed in the diabetes prediction section, accuracy alone is
an incomplete metric for the class-imbalanced outcome these studies
predict [14-16]. Closed-loop insulin delivery has moved furthest into real
clinical use, backed by randomized trial data showing statistically
significant improvements in time-in-range and reduced hypoglycemia [20].
Reinforcement learning specifically, as distinct from the model-predictive-
control algorithms already in clinical closed-loop systems, remains largely
at the simulation stage [21], and this distinction should not be blurred in
future reviews or clinical claims.

The weakest evidence, relative to how it is sometimes portrayed in
secondary literature, concerns microbiome-guided metformin dosing
specifically, as distinct from the separate and better-supported finding that
gut microbiome signatures predict T2DM risk itself [17,18]. The
mechanistic case for microbiome-drug interaction is credible, and ML
models can predict drug-microbiota interaction with moderate accuracy,
but translating that into a validated, individual-level metformin response
predictor requires larger, prospective, metformin-specific cohorts that are
not yet published at scale. Adrenal imaging Al sits in between: individual
studies show strong discrimination, but nearly all of it comes from very
small, single-center datasets (as few as 19-40 patients) that have not been
tested on outside populations [26,11].

Three recurring gaps emerged across the literature reviewed here.
First, most datasets underpinning diagnostic and predictive models are
drawn from limited geographic and demographic populations, raising
concerns about generalizability when models are deployed in more diverse
clinical settings [29]. Second, model interpretability remains inconsistent:
DL models frequently function as black boxes, which limits clinician trust
in high-stakes decisions such as adrenal surgery referral [30]. Third, few
studies report external, prospective validation; most performance figures,
particularly in diabetes prediction and adrenal imaging, come from single-
center retrospective cohorts, and, per Section 2, this narrative review itself
does not report a systematic screening yield, which is a limitation of the
present synthesis rather than of the underlying primary literature.

To address these gaps, this review proposes three concrete directions.
Federated learning approaches, in which models are trained across
multiple institutions without sharing raw patient data, have already been
shown in other areas of medicine to approach the performance of centrally
pooled data while preserving data privacy, and could improve dataset
diversity in endocrine Al without requiring centralized data pooling [31].
Standardized, mandatory reporting of external validation metrics, and of
PPV alongside accuracy for imbalanced outcomes, would allow more
honest comparison across studies. Wider integration of explainable Al
techniques, such as SHAP-based feature attribution, into clinical decision-
support interfaces would give endocrinologists a transparent, quantified
basis for weighing Al-generated recommendations rather than treating
them as unexplained outputs [30,32].

Addressing these barriers, namely data diversity, interpretability, and
workflow integration, will likely determine how quickly these tools move
from published performance metrics to routine clinical decision support.

Conclusion

Al applications in endocrinology are not uniformly at the same stage of
maturity. Thyroid ultrasound classification and closed-loop insulin delivery
have real, externally validated or randomized-trial evidence behind them.
Diabetes risk prediction and adrenal lesion characterization show strong
single-study results that require broader validation and, in the case of
diabetes prediction, more complete metric reporting given class imbalance.
Gut-microbiome-based prediction addresses two genuinely distinct
questions, disease risk and drug response, neither of which is yet clinically
actionable for metformin prescribing specifically. Reporting these
distinctions clearly, alongside concrete steps such as federated learning,
standardized external validation and PPV reporting, and explainable Al
integration, is necessary for the field to build justified clinical trust.
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